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The continuing rise of economic expansion and energy consumption are evidently seen as 
key drivers of the higher level of urban air pollution in Asian developing countries for the 
past decades. Monitoring air pollution is an essential component for air quality 
management to determine population exposure, health impact assessment, and compliance 
with national and international standards. Conventional ground-based monitoring of 
particulate matter and gaseous air pollutants is hampered by the limitation in spatial 
distribution. Satellite remote sensing recently gains increased attention due to its large 
spatial coverage which is particularly suitable for Asian developing countries with few 
ground-based monitors, high-level of pollutant emissions in industrial and populated 
areas, and high potential for long-range transport from biomass burning activities. The 
overall objectives of this study are to apply the use of satellite retrievals as a tool for long-
term analysis of atmospheric pollutants, and to develop methodology to validate and 
improve emission inventories by using integrated satellite observations and model 
simulations.  
 
Long-term analysis of tropospheric NO2 columns retrieved from GOME, SCIAMACHY, 
OMI and GOME-2 satellites, CO columns from MOPITT satellite and AODs from 
MODIS satellite was performed for Southeast Asian countries and some parts of China 
and Japan over 17 years during 1996-2012. The results show that significant increasing 
levels of tropospheric NO2 columns can be clearly observed during these years, especially 
above eastern part of China regions which are around 16 and 11 % per year for Shanghai 
and Beijing, respectively. For CO columns and AODs, the annual trends of these 
pollutants are relatively constant during the study period. The cities located in different 
latitude zones present the seasonal cycle of NO2 columns, CO columns and AODs 
differently. For the cities located in mid-latitude zone and upper part of low-latitude zone, 
the maximum levels of NO2 and CO columns can be observed in the winter (November-
March) and the minimum in the summer (June-September). On the contrary, the 
maximum levels for the cities near Equator zone are revealed in dry season (June-
October). In case of AODs, the maximum peaks normally occur during biomass burning 
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season and Asian dust-storm period. Ground monitoring concentrations of NO2, CO and 
PM10 were also comparably analyzed with satellite NO2 columns, CO columns and AODs, 
respectively in order to validate satellite observations. The results reveal that satellite data 
are in agreement with ground-based monitoring in term of seasonal variability, especially 
for NO2. However, there are still some discrepencies between AODs and surface PM10, 
since AODs do not directly represent PM10 concentrations. More analysis focused on the 
improvement of relationship between AODs and surface PM10 concentrations over 
Thailand. The regression was performed without and with cloud screening procedure. The 
latter gave stronger correlations. The multiple linear regression models were then 
developed by using 5-year (2008-2012) data of AODs with the correction of surface 
meteorological parameters including surface relative humidity (RH), wind speed (WS), 
and temperature (T). Such models were applied to estimate surface PM10 mass 
concentrations and evaluated with those measured from ground monitoring for year 2007 
and 2013. The estimated results are reasonably correlated with the actual ones in term of 
both quantitative levels and diurnal variations, particularly for the cities in North Thailand.  
 
Emission inventories of anthropogenic and biomass burning emissions for NOx and CO 
were derived to investigate the consistency with satellite retrievals. The results illustrate 
that satellite observations are able to capture high episodes and seasonal variability of the 
pollutant emissions in some cities. The discrepancies were found probably due to the 
effect of meteorological conditions or the underestimation of the emissions. Furthermore, 
the comparisons between satellite retrievals and model simulations were conducted to 
validate emission inventories used in the models. Generally, simulated model results agree 
well with those retrieved from satellite measurements for spatial distribution and seasonal 
pattern. However, the modeled results underestimate satellite data by the factor around 2-5 
which are possibly due to the inaccuracy in emission inventories, the inaccuracy of spatial 
and temporal allocations, and the uncertainties in the satellite retrievals. 
 
The overall results highlight that incorporating satellite retrievals with ground 
measurements and air quality models can provide useful information for long-term air 
quality study and can be used as a tool to assess the accuracy of the emission inventories, 
especially in the limited in situ availability.  
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Chapter 1 Introduction 
 
1.1 Research background 
 
1.1.1 Air pollution problem in Asia 
 
Population growth and economic development are evidently seen as key drivers of 
environmental change for the past decades. In 2011, the human population reached 7 
billion and is expected to reach 10 billion by 2100 with the largest population in the Asia 
and Oceania region (UNEP 2012). In Asian region, increased economic development with 
industrialization, motorization, and consequent changes in land use has led to rapid and 
unplanned urbanization with a large number of people being concentrated in urban areas. 
However, the air quality management capacity has not been developed at the same pace 
causing Asian megacities to face more serious air pollution problems than similar cities in 
developed countries (Kim Oanh 2012). Due to the continuing rise of economic expansion 
and energy consumption, the level of urban air pollution in Asian developing countries is 
projected to increase considerably for the next three decades (APMA 2002). In some 
countries, the use of low quality fuel and inefficient energy production devices in vehicles 
and industrial facilities, together with the lack of legal frameworks for enforcement are the 
main causes of releasing large quantities of air pollutants. As a result, air pollutant levels 
in many large cities of Asian countries have been reported to exceed the World Health 
Organization-Air Quality Guidelines (WHO-AQG) and the respective National Ambient 
Air Quality Standard (NAAQS). High anthropogenic emissions of air pollutants in several 
cities in China affect not only the local and regional but also global atmospheric 
environment which has aroused global concern (Xing et al. 2011). Nearly 45% of the 522 
cities cannot meet the Class II NAAQS of China (Hao et al. 2007). For example, the 
annual average of PM2.5 (particulate matter with the aerodynamic diameter, da < 2.5 µm) 
at some locations in Beijing was reported above 100 µg/m3 which is well higher than the 
Class II NAAQS of China (35 µg/m3) and the WHO-AQG (10 µg/m3) (WHO 2006; Cao 
2013; Matsui et al. 2009). For the other cities of developing Asia, the recorded data also 






µm) normally exceeded the WHO-AQG by the factor of three or more. Figure 1.1 presents 
5-year (2000–2004) averaged concentrations of PM10 and, also SO2 and NO2 in selected 
Asian cities (WHO-AQG: PM10 annual average 20 µg/m3; SO2 24-hr average 20 µg/m3; 




Figure 1.1 Five-year averaged concentrations of PM10, SO2, and NO2 
Data source: HEI (2010) 
 
The most important air pollutants in Asian developing cities are particulate matter (PM) 
and ozone (O3). Other commonly measured pollutants include sulphur dioxide (SO2), 
volatile organic compounds (VOCs), lead (Pb), carbon monoxide (CO), carbon dioxide 
(CO2) and nitrogen dioxide (NO2), which vary significantly among cities (APMA 2002; 
Permadi and Kim Oanh 2008). On the regional scale, intensive emissions from large 
combustion sources (forest fires and coal/heavy oil-based facilities) with the support of 
strong convection during monsoons in Asia can introduce the long-range transboundary 
transport of pollutants, which subsequently lead to multiple effects on regional air 











1.1.2 Satellite observations on air quality management 
 
The goal of urban air quality management (AQM) is to control and reduce air pollution, 
and maintain acceptable air quality that avoids adverse effects to human health and 
welfare (APMA 2002). In order to achieve this air quality goal, it is necessary to develop 
appropriate air quality policies and strategies. Air quality monitoring, emission 
inventories, and air pollution modeling are parts of the key components of AQM. 
Monitoring air pollution is an essential component that provides inputs to AQM and 
determines population exposure, health impact assessment, and compliance with national 
and international standards. In general, traditional study of PM and gaseous air pollutants 
depends on spatial and temporal data series obtained from air quality ground monitoring 
networks. Such monitoring programs are limited in terms of spatial coverage. Ground-
based monitoring stations are clustered in urban areas where there is highly localized 
population.  While they are still scarce in many regions of the world, especially at remote 
sites where pollutant concentrations can be high due to biomass burning activities, natural 
emissions, and transport of pollutants from other sources. In this case, ground-based 
monitors do not provide sufficient tools for tracking and predicting the transport of 
atmospheric pollutants, whereas air quality is highly variable in space and time. 
Advancement in Earth observations made by satellite sensors has provided a new area of 
research for monitoring global air quality, and can be used to better assess the spatial 
structure of air pollution and interactions on global, regional, and local dispersion patterns 
when surface measurements are not available (Hadjimitsis 2009). Satellite-based data are 
provided in term of spatial averages which represent air quality information during 
satellite overpass time, but ground-based data represent information for a single location 
as time interval averages. With their own advantages and limitations, integration of these 
two based measurement complements each other and makes effective tools for AQM to 
set air quality policies, mitigation plans, and monitoring programs. Reliable emission 
inventory with adequate spatial and temporal distributions is also an essential component 
for prioritizing pollution control efforts and for preparing input datasets to air quality 
models. However, there are large uncertainties in traditional bottom-up emission 
inventories based on application of large amounts of statistical data (i.e. activity rates and 






used to assess and improve the accuracy of emission inventories through a top-down 
approach based on inverse modeling. In term of air quality dispersion modeling, the lack 
of ground-based data makes it difficult to evaluate such models. For this reason, satellite-
based data with global picture of pollutant distribution are necessary to evaluate and 
establish the model’s credibility for future use (Kim Oanh 2012). Satellite remote sensing 
of trace gases and aerosols has been developed dramatically for air quality applications 
over an extended period of time. Currently, a global coverage for a wide range of species 
is retrievable by satellite observations including vertical columns of aerosols, O3, NO2, 
CO, formaldehyde (HCHO), and SO2 (Martin 2008).  
 
1.2 Research objectives  
 
The overall goals of this study are to apply the use of satellite data as a tool for long-term 
analysis of atmospheric pollutants, and to develop methodology to validate and improve 
emission inventories by using integrated satellite observations and model simulations. In 
order to achieve the goals, two main objectives are set as follows: 
 
1. To investigate the capability of the satellite instruments to observe spatial and 
temporal variability of atmospheric pollutants (NO2, CO, and aerosols) over Asian 
region. 
1.1 To investigate the consistency between the satellite products. 
1.2 To study the characteristics of spatial distribution, long-term trend, and 
seasonal variability of atmospheric pollutants observed by satellites. 
1.3 To investigate the consistency between surface measurements and satellite 
observations. 
1.4 To improve the relationship between satellite AODs and surface PM 
concentrations by developing linear regression model with the inclusion of 
meteorological parameters. 
 
2. To develop methodology using atmospheric pollution information retrieved from 







2.1 To investigate the consistency between source emissions and satellite 
observations. 
2.2 To investigate the consistency between model outputs and satellite 
observations.  
 
1.3 Research scope  
 
1. Satellite products in this study focus on (1) NO2 columns retrieved from GOME, 
SCIAMACHY, OMI and GOME-2, (2) CO columns retrieved from MOPITT and 
SCIAMACHY, and (3) AODs retrieved from MODIS-Terra and MODIS-Aqua. 
2. The area of study is focused on Asian region, especially for the capital cities of the 
countries in Southeast Asia, China, and Japan. 
3. The period of study is from 1996 to 2012. 
4. The emissions inventories used in this study are REAS and MACCity. 
5. The models used in this study are GEOS-Chem and CMAQ. 
 
1.4 Research originality 
 
Recent satellite remote sensing has tremendous potential for providing a global picture of 
air quality that complements ground-based monitoring networks. Although the satellite 
retrievals of air quality are promising, to date, most of the recent studies that apply 
satellite observed information for air quality study were conducted in United States, 
Europe, and some part in Asia such as India, China, Japan, and Korea. However, in order 
to understand the effects of PM and trace gases on the Earth’s climate system and human 
health, it is necessary to routinely monitor these pollutants on a global basis. Therefore, 
further studies are needed in other part of the world. Satellite retrieved data are 
particularly suitable for Asian developing countries with few ground-based monitors, 
high-level of pollutant emissions in industrial and populated areas, and high potential for 
long-range transport from biomass burning activities. This study has set the study area in 
Asian regions by focusing on Southeast Asia (SEA) countries and some parts of China and 
Japan. Long-term datasets of satellite observations were retrieved for trace gases and 






this study has categorized the study area into different latitude zones in order to investigate 
the correlation of the spatial and temporal distribution patterns of the pollutants in each 
latitude zone.  
 
Since satellite measurements are combined with science-based algorithms for retrievals of 
pollutant concentrations, the accuracy of such algorithms is still less certain whether the 
models adequately characterize the pollutants in the atmosphere. Thus, it remains a 
challenge to validate satellite-based data with ground-based data. In this case, mass 
concentrations of NO2, CO, and PM10 were derived from 15 ground monitoring stations 
over Thailand in order to correlate with satellite-based data of NO2 columns (retrieved 
from GOME, SCIAMACHY, OMI and GOME-2), CO columns (retrieved from MOPITT) 
and AODs (retrieved from MODIS), respectively. Considering more than one pollutant 
also enable the determination of source apportionment of the considered pollutants. 
 
Correlation studies with ground-based measurements have found that satellite retrieved 
AODs can be served as a proxy for PM. However, the relationship between PM and AODs 
varies by locations and seasons. There are many factors that can influence the correlations 
such as the uncertainties in satellite retrieved algorithms, meteorological conditions 
(relative humidity, cloud cover, wind speed, mixing height, etc.), and pollutant types 
(sulfate, nitrate, carbon, dust, etc.). Long-term data are needed to develop statistical 
relationships of AODs-PM. This study attempted to improve the relationship between 
satellite retrieved AODs and ground-level PM10 concentrations by developing multiple 
linear regression models over Thailand using 5-year (2008-2012) data of satellite AODs, 
cloud cover, relative humidity, wind speed, and temperature. The regression models were 
then tested to estimate ground-level PM10 mass concentrations for the pre and post years 
(2007, 2013), and finally evaluated with those collected from ground monitoring stations. 
 
Emission inventories of air pollutants are recognized as one of the most important 
uncertainties in the models. Although several emission inventories have been developed 
for Asia, uncertainties in these emissions are still large, especially due to the lack of 
ground observations with sufficient spatial and temporal resolution (Shi et al. 2008).  






comparison between satellite retrievals and the results from simulated models, however, it 
has not been well addressed. In this study, the comparisons of long-term derived satellite 
data along with surface emissions of NOx and CO were conducted to assess the 
consistency between these parameters. Furthermore, satellite observed data were 
examined with the results from simulated models in order to validate the accuracy of input 
emission inventories.   
 
1.5 Research framework and organization 
 
In order to achieve the above mentioned objectives of this thesis, the research framework 
is structured in the following manner as shown in Figure 1.2 which includes 13 activities 
in 9 chapters. First activity is setting objectives and scope of this study providing in 
chapter 1. Activity 2 is literature review of related information about this study which is 
provided in chapter 2. Activity 3-9 are set to complete objective 1 of this study. Details of 
data collection processes and discussions on the results of these activities are provided in 
chapter 3-6. Activity 10-12 are set to complete objective 2. Discussions on the results are 
provided in chapter 7-8. The last activity is conclusions and recommendation providing in 
chapter 9. 
 
Chapter 1 introduces the research background of this thesis about air pollution problem in 
Asian region and the advantage of satellite retrievals on AQM. Research objectives, scope, 
originality, and framework and organization are also provided in this chapter. 
 
Chapter 2 concentrates on literature review in which this research stands on. The content 
includes the previous studies of the applications of satellite remote sensing on air quality 
study.  
 
Chapter 3 provides the details of satellite data collection and extraction processes, and 
discusses the results of inter-comparisons between satellite products (1) NO2 columns 
(SCIAMACHY vs. GOME/OMI/GOME-2, and OMI vs. GOME-2), (2) CO columns 







Chapter 4 discusses the results of long-term analysis of satellite observations (NO2 
columns, CO columns, and AODs) in term of spatial distribution, long-term trend, and 
seasonal variability at different latitude zones during the period of 1996-2012. 
 
Chapter 5 provides the details of ground-level data collection processes, and discusses the 
results of comparably analysis between satellite-based (NO2 columns, CO columns, and 
AODs) and ground-based (NO2, CO, and PM concentrations) measurements. 
 
Chapter 6 focuses on the processes of improvement the relationship between satellite 
retrieved AODs and ground-level PM mass concentrations by developing linear regression 
models with the correction of meteorological parameters. Finally, the regression models 
were used to estimate surface PM mass concentrations and then compared with those 
measured from ground monitoring stations. 
 
Chapter 7 provides the details on emission inventories applied in this study, and discusses 
the results of comparably analysis between retrieved satellite data (NO2 columns and CO 
columns) and emission data (NOx and CO). 
 
Chapter 8 provides the details on model simulations and input data description, and 
discusses the results of comparably analysis between retrieved satellite data and the output 
from GEOS-Chem and CMAQ simulations (NO2 columns and CO columns) which has 
been performed in order to validate emission inventories. 
 







Act.1: Research objectives and scope
• Study area: Asian region
• Study period: 1996-2012
Act.2: Literature review
• Retrievals of satellite remote sensing
• Applications of remote sensing on air quality study
Act.3: Data collection
• Satellite data of NO2 columns, CO columns, and AODs
Act.4: Inter-comparisons between satellite products
Act.5: Long-term analysis of satellite observations 
for spatial and temporal variability
Act.7: Comparative analysis between 
satellite and surface datasets  
Act.9: Comparative analysis between estimated PM mass concentrations from 
regression models and those measured from ground monitoring stations
Act.12: Validation of emission inventories 
by integrating satellite monitoring and model simulations
• Model simulations of trace gases
• Comparably analysis between satellite data and modeled results
Act.10: Data collection
• Emissions of NOx and CO
Act.11: Comparative analysis between 
satellite and emission datasets












Act.8: Improvement of the relationship between satellite AODs and ground-
level PM concentrations using linear regression model with the correction of 
meteorological parameters
Act.6: Data collection
• Surface data of NO2, CO, and PM concentrations
 






Chapter 2 Literature Review: Satellite 
Observations on Air Quality Study 
 
This research considered three atmospheric species retrieved from satellite remote sensing 
including NO2, CO, and aerosol. Brief introduction to each species and previous studies 
are provided below. The basic information on the retrieval of satellite products is provided 
in Appendix A. 
 
2.1 Nitrogen dioxide 
 
Nitrogen oxide (NOx=NO+NO2) is one of the major air pollutants playing a key role in 
atmospheric chemistry. NOx emissions have been built up at high concentration over Asia 
due to rapid economic growth during the past decade (Akimoto 2003; Ohara et al. 2007). 
The significant sources of NOx can be distinguished into anthropogenic sources such as 
fossil fuel combustion and biomass burning, as well as natural sources such as soil 
emissions and lightning. NOx can cause a wide variety of human health and environmental 
impacts due to its various compounds and derivatives in the family. The photolysis of 
nitrogen dioxide (NO2) in the troposphere is the major source of O3 production which is 
one of the hazardous components.  In addition, during daytime NO2 may react with OH 
and form nitric acid (HNO3), the main component of acid precipitation, and also related 
particles. Nitrate particles and NO2 can also block the transmission of light, reducing 
visibility in urban areas and on a regional scale. In term of greenhouse gas, NO2 
contributes significantly to the radiative forcing of climate over urban and industrial areas 
by perturbing methane (CH4) and O3 concentrations which are strong greenhouse gases 
(Solomon et al. 1999; Velders et al. 2001). Since, the lifetime of NO2 in the troposphere is 
relatively short, varying from hours in the continental boundary layer to days in the upper 
troposphere and its sources and sinks are distributed heterogeneously, therefore, it is 







Over the past ten years, advances in satellite technology have allowed for observations of 
NO2 vertical columns which provide a global picture and useful information for air quality 
study. Many researches have been studied on tropospheric NO2 columns since the Global 
Ozone Monitoring Experiment (GOME) onboard ERS-2 was operated in 1995, followed 
by the SCanning Imaging Absorption spectroMeter for Atmospheric CartograpHY 
(SCIAMACHY) onboard ENVISAT in 2002, the Ozone Monitoring Instrument (OMI) 
onboard EOS-Aura in 2004, and GOME-2 onboard MetOp in 2006. Figure 2.1 shows the 
image of tropospheric NO2 columns retrieved from OMI satellite during February 2014. 
Because of the short lifetime of NOx in the troposphere, satellite observations of NO2 are 
closely correlated to the surface emissions of NOx (Itahashi et al. 2013). The comparisons 
between retrieved tropospheric NO2 columns from satellite observations and in situ 
measurements have been conducted by many studies. The first validation of tropospheric 
NO2 columns retrieved from GOME was performed using in situ NO2 profiles derived 
from aircraft on a clear day over Austria (Heland et al. 2002). Martin et al. (2004) 
evaluated GOME measurements of tropospheric NO2 columns by comparing with in situ 
data from aircraft campaigns over eastern Texas and the southeast United States. Blond et 
al. (2007) investigated the consistency of SCIAMACHY NO2 observations, NO2 surface 
measurements and air quality modeling results over Western Europe. The results of these 
studies reported reasonably well correlations between satellite and in situ measurements 
under certain conditions. Richter et al. (2005) reported that based on GOME observations, 
rapid increasing trend of tropospheric NO2 columns was founded over Central East China 
(CEC) approximately 7% per year (1996 – 2002) due to an increase in industry and traffic. 
van der A et al. (2008) showed significant decreasing trends of NO2 columns  in Europe 
and parts of eastern United States (up to 7% per year), but a strong increasing trend in 
Asia, especially in China (up to 29% per year) for the period 1996 – 2006. Furthermore, 
recent studies have also used satellite products to validate air quality model and to assess 
the accuracy of the emission inventories. Ma et al. (2006) compared tropospheric NO2 
columns retrieved from GOME satellites with those from regional model simulations 
using different emission inventories over China. The simulated results show that with all 
the emission inventories, the model underestimates observed tropospheric NO2 columns in 
all the regions in remote and rural areas of China. He et al. (2007) performed a numerical 





combination of a regional chemical transport model and satellite observations of GOME 
and SCIAMCHY over East Asia during 1996 – 2005. Both modeling results and satellite 
observations reveal a sharp increase of NO2 columns over CEC after the year 2000. 
However, the modeling results show that the emission inventories underestimate 
tropospheric NO2 columns. The results in this analysis are consistent with other studies 
over the same region (Lin et al. 2010; Shi et al. 2008; Uno et al. 2007). Han et al. (2011) 
and Han et al. (2009) investigated NOx emissions in East Asia by using model-predicted 
and satellite-derived NO2 columns from GOME and OMI, respectively. The model-
predicted NO2 columns produce larger values by the factor around 1.46 compared to 
GOME retrievals and between 1.38-1.87 compared to OMI retrievals over South Korea, 
whereas the model-predicted results produce smaller values by the factor around 1.57 
compared to GOME retrievals over North China. Itahashi et al. (2013) performed trend 
analysis over East Asia. They found rapid growth of tropospheric NO2 columns above the 
CEC region which is beyond double between 2000 and 2010. In contrast, slightly 
decreasing trends were observed over Japan. Moreover, Irie et al. (2013) and Itahashi et al. 
(2013) also performed model simulations of NO2 columns by using the updated REAS 
inventory version 2.1. The modeled NO2 columns reasonably produced the annual trends 
and the absolute values observed by the satellites. 
 
 
Figure 2.1 Image of tropospheric NO2 columns retrieved from OMI satellite 





2.2 Carbon monoxide 
 
Carbon monoxide (CO) is another important trace gas in tropospheric photochemical 
processes that can lead to the formation of tropospheric O3 in the presence of NOx and 
sunlight. It is also the major sink of OH radical which is the cleansing agent of the 
troposphere and thus controls the oxidative capacity of the atmosphere (Crutzen and 
Zimmermann 1991; de Laat et al. 2010a). Because it has a lifetime of several weeks to a 
few months, CO is a good tracer for long-range transport pollution (Shindell et al. 2006). 
The largest sources of atmospheric CO are incomplete combustion processes, mainly from 
seasonal biomass burning and fossil fuel combustion (Galanter et al. 2000; Granier et al. 
2000). In urban areas, the majority of CO sources are produced as exhausts of internal 
combustion engines, especially by motor vehicles. For natural emissions, several studies 
(Bates et al. 1995; Khalil and Rasmussen 1984) report that forest fire emissions account 
for more than 20% of the total global CO budget. However, the absolute magnitude of 
individual sources is still uncertain since biomass burning emissions vary seasonally and 
interannually (van der Werf et al. 2006). Understanding CO sources also places constraints 
on emissions of other pollutants that are released during combustion process such as PM, 
VOCs, and a range of toxic gases (Andreae and Merlet 2001; Kopacz et al. 2010). 
 
Long-term datasets of global CO columns have been measured continuously by a number 
of space-borne sensors including the Measurements Of Pollution In The Troposphere 
(MOPITT) onboard EOS-Terra in 2000, the Atmospheric Infrared Sounder (AIRS) 
onboard EOS-Aqua in 2002, SCIAMACHY onboard ENVISAT in 2002, the Atmospheric 
Chemistry Experiment Fourier Transform Spectrometer (ACE-FTS) onboard SCISAT-1 
in 2003, the Tropospheric Emission Spectrometer (TES) onboard EOS-Aura in 2004, and 
the Infrared Atmospheric Sounding Interferometer (IASI) onboard METOP in 2006.  
Figure 2.2 shows the image of total CO columns retrieved from MOPITT satellite during 
February 2014. Several studies have thoroughly evaluated and validated CO 
measurements from MOPITT satellite using in situ CO vertical profiles measured from 
aircraft over a variety of geographical regions and in multiple field campaigns (Deeter et 
al. 2013, 2010, 2007; Emmons et al. 2009, 2007, 2004). Since the MOPITT product is the 





studies have used the MOPITT product to validate CO retrievals from other satellite 
products such as AIRS (Warner et al. 2007), TES (Luo et al. 2007), SCIAMACHY 
(Buchwitz et al. 2007; de Laat et al. 2010b), and ACE‐FTS (Clerbaux et al. 2008). Some 
studies also investigated interannual and seasonal variations of CO columns both over 
land and ocean (Edwards et al. 2006, 2004; Yurganov et al. 2010, 2008, 2005). Worden et 
al. (2013) performed an intercomparison of the MOPITT CO product with the AIRS, TES, 
and IASI products using the available data during the period 2000-2011. The results show 
that all the products have reasonable agreement in term of seasonal variability and mean 
total column averages for the Northern Hemisphere. The satellite observations also present 
the decreasing decadal trends of total columns CO in Europe, Eastern USA, and Eastern 
China during the study period. de Laat et al. (2006) used a chemistry transport model 
simulation to evaluate SCIAMACHY CO total columns. The results show that the global 
distributions of modeled and observed CO columns have similar spatial patterns; a north-
south gradient, low CO over mountains, and high CO over emission regions. In term of 
quantitative comparison, the seasonality of modeled and observed CO columns agrees 
very well showing that SCIAMACHY CO observations can be used to evaluate CO 
emission inventories. Gloudemans et al. (2009) investigated five-year interannual 
variability of CO retrieved from SCIAMACHY during 2003-2007. They presented three 
highlighted examples. First is the Asian outflow of pollution over northern Pacific. Both 
chemistry transport model and satellite observations show high levels of CO columns 
during local winter due to minimum OH concentrations during that time. Moreover, CO 
peaks revealed in 2005 and 2007 causing by high biomass burning from Southern Asia. 
The second example is the biomass burning outflow over the Indian Ocean originating 
from Indonesia. Higher levels of CO were presented in 2006 from both observed and 
modeled columns comparing to other years. These results coincide with warm phases of El 
Niño which led to an extended period of biomass burning activities in Indonesia. The third 
example is biomass burning in Amazonia over an active deforestation during the dry 
season. The results in these three cases are similar with MOPITT observations and CO 
emissions. de Laat et al. (2010a) conducted global evaluation of MOPITT and 
SCIAMACHY CO columns during 2004-2005. They found that both satellites present 
qualitatively similar seasonality of CO columns. At mid and high latitudes, maximum CO 





Hemisphere. For tropical areas, CO columns increase due to the seasonal biomass burning 
emissions. Recent studies applied inverse modeling to derive quantitative constraints on 
emissions by using satellite observations. Kopacz et al. (2010, 2009) applied an adjoint 
inverse modeling method to constrain Asian and global source emissions of CO using 




Figure 2.2 Image of total CO columns retrieved from MOPITT V5 TIR/NIR satellite 




Particulate matter (PM) or aerosol refers to a mixture of solid particles and liquid droplets 
suspended in the air including dust, dirt, soot and smoke. These particles can be suspended 
in the air from a few seconds to several months and vary greatly in shape, size, chemical 
composition and concentration depending on its origin such as geographic location and 
time. Some particles are primary particles which are emitted directly from both natural and 
anthropogenic sources. The largest natural sources of particles are volcanoes, wind-blown 
dust, forest and grassland fires, sea spray, etc. The largest anthropogenic sources are 
burning biomass for cooking/heating and land clearing, burning of fossil fuel in 
combustion engines in automobiles and power plants, industrial activities (grinding, 
crushing, etc.), re-suspended road dust, construction, and waste disposal. Some particles 
are secondary particles which are formed in the atmosphere by the chemical reactions of 





climate in two different ways. They affect the Earth’s radiative balance by scattering and 
absorbing radiation (the direct effect) and by changing properties of clouds (the indirect 
effects) (CCSP 2009; Zhang et al. 2005). These direct and indirect aerosol effects are 
considered to be one of the largest uncertainties in current global climate models for 
predicting different atmospheric phenomenon. However, aerosols are highly variable 
spatially and temporally, so these effects and their impact are difficult to measure and 
assess (Panicker et al. 2010). 
 
Since 1999 NASA has launched a series of satellite sensors which have been used as the 
inference of ground-level PM concentrations by retrieved Aerosol Optical Depths 
(AODs). AODs are the integral of the light extinction by aerosol scattering and absorption 
from the ground up to the top of the atmosphere. AOD measurements are dimensionless 
ranging from 0 to 4 (typically between 0 to 1). In particular, AODs derived from the 
Moderate Resolution Imaging SpectroRadiometer (MODIS) onboard EOS-Terra and -
Aqua have been used to investigate the correlations with surface PM measurements. 
Figure 2.3 shows the image of AODs retrieved from MODIS-Terra satellite during March 
6, 2014 - March 13, 2014. The validation of satellite aerosol retrievals have been widely 
conducted through Aerosol Robotic Network (AERONET), which is a worldwide ground-
based network of automatic sun photometers and data archive providing spectral AODs as 
well as aerosol microphysical properties (Holben et al. 1998). Schaap et al. (2008) used 
AERONET sun photometer to validate MODIS AOD products over Europe, and found a 
good temporal correlation between these two variables. Retalis et al. (2010) also found 
that MODIS AOD data are within the expected accuracy comparing with AERONET 
measurements in Cyprus. Many more studies (Jiang et al. 2007; Mishchenko et al. 2010; 
Schaap et al. 2008) have used sun photometer in order to support the validation of satellite 
AOD products. 
 
Using both imagery and statistical analysis from satellite AOD retrievals enable the 
determination of the regional sources of air pollution events, the general type of pollutants 
(smoke, haze, dust), the intensity of the events, and their motion (Engel-Cox et al. 2004). 
Most of the studies have developed empirical relationships between satellite AOD 





Cox et al. 2004; Liu et al. 2007; Pelletier et al. 2007; Wang and Christopher 2003). 
Koelemeijer et al. (2006) reported that the relationship between AODs and PM2.5 varies 
with region, generally being higher in the eastern United States than either Europe or the 
western United States where there is more dust aloft. Gupta et al. (2007) used 4 years of 
MODIS AODs retrieved from Terra and Aqua satellites to compare with surface PM2.5 
mass concentrations in Sydney, Australia. The analysis shows that MODIS AODs are able 
to catch up the peaks of surface PM2.5 during bushfire events. High correlations between 
MODIS AODs and PM2.5 are observed when the air quality is in sensitive/unhealthy 
category indicating that satellite data were valuable for poor air quality conditions. They 
also found that the uncertainties in MODIS AODs are high for small AODs values. 
Barladeanu et al. (2012) performed the comparative analysis between in situ 
measurements of surface PM10 concentrations and AODs from satellite retrievals over 
Romania. They found that the correlation coefficients varied between 0.6-0.9 depending 




Figure 2.3 Image of AODs retrieved from MODIS-Terra satellite 
Data source: LAADS (http://ladsweb.nascom.nasa.gov/) 
 
As mentioned earlier that retrieved AODs are quantitative values measured of the 
integrated columnar aerosol load from the ground up to the top of the atmosphere, whereas 
the PM mass concentration is a quantitative measure of the particulate mass concentration 
at the ground surface (Dinoi et al. 2010). For this reason, the relationship of AODs-PM is 





widely in different regions and different seasons. Gupta et al. (2006) examined the 
relationship between MODIS AODs and ground measurements of PM2.5 over different 
locations across the global urban areas. The analysis shows that AOD-PM2.5 relationship 
strongly depends on meteorological parameters such as ambient relative humidity, cloud 
cover, and mixing height. Dinoi et al. (2010) developed regression relationship between 
daily PM10 mass concentrations and MODIS AODs during 2006-2008 over Southeastern 
Italy. Stronger relationships of PM10-AODs are obtained when AODs values are divided 
by mixing layer height and ground wind speed, and when the analysis is restricted to clear-
sky MODIS AODs measurements. Research shows that the AODs-PM correlations also 
depend on the concurrence in time and location of satellite observations and surface 
monitoring. For example, Gupta and Christopher (2008) performed an analysis of 7 years 
MODIS AOD data and ground measurement of PM2.5 over Southern United States. The 
correlation increased from 0.52 to 0.62 when hourly PM2.5 data were used instead of daily 
mean PM2.5 data to compare with MODIS AODs.  They used three different box sizes of 
0.5° × 0.5°, 0.4° × 0.4°, and 0.3° × 0.3° pixels for satellite AOD data around the ground 
station for the comparison with PM2.5. The results show that changing box size produced 
less than ± 0.03 difference in mean AOD values for 90% of observations. The results in 
this study are similar with Guo et al. (2009) whose analysis was carried on in Eastern 
China.  
 
Many more of recent studies derived AODs over Asia using MODIS data for air quality 
study (Guo et al. 2011; He et al. 2012; Kim et al. 2007; Xin et al. 2011). Kumar et al. 
(2007) developed an empirical relationship between PM2.5 and AODs over Delhi 
metropolitan and found a significant positive association between these two variables. The 
analysis shows that a 1% change in AODs explains around 0.52% and 0.39% change in 
PM2.5 monitored within ± 45 minutes and ± 75 minutes of satellite overpass time. Tsai et 
al. (2011) used ground-based measurements to assess MODIS AODs in Taiwan showing 
that high correlations between AODs and PM2.5 normalized by boundary layer height can 
be obtained in autumn (~0.88-0.93), while high correlations can be obtained in winter 
(~0.76-0.87) and spring (~0.77-0.80) by normalized by haze layer height. Sukitpaneenit 
and Kim Oanh (2014) explored the use of MODIS AODs and MOPITT CO to monitor air 





between MODIS AODs, MODIS fire hotspots, MOPITT CO, and surface PM10 and CO 
mass concentrations showing that satellite data are useful in monitoring the regional 
transport of forest fire plumes.  Several other satellite sensors also provide AODs products 
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Chapter 3 Inter-Comparison of Satellite Products 
 
3.1 Satellite data collection 
 
There are 3 types of satellite air pollution monitoring products considered in this study 
which are NO2 columns, CO columns, and AODs.  
 
1) NO2 columns 
 
Long-term data of NO2 columns (1996-2012) used in this study were retrieved from 
version 2.3 product of GOME, SCIAMACHY, and GOME-2 sensors, and version 2.0 
product of OMI sensor. These satellite products were retrieved by KNMI/NASA (Royal 
Netherlands Meteorological Institute) for OMI, and by BIRA/IASB (Belgian Institute for 
Space Astronomy) for GOME, SCIAMACHY, and GOME-2 which can be downloaded 
from the website of the Tropospheric Emission Monitoring Internet Service (TEMIS) 
project (http://www.temis.nl). 
 
2) CO columns  
 
Long-term data of CO columns (2000-2012) were retrieved from two satellite products. 
The first one is retrieved from version 5.0, level-3 product of MOPITT (Thermal Infrared 
Radiances) sensor which is published through the website of the NASA Langley Research 
Center (https://eosweb.larc.nasa.gov/project/mopitt/mopitt_table). The second one is 
retrieved from version 7.4 product of SCIAMACHY (Near Infrared Radiances) sensor 













Long-term data of AODs (2000-2012) were retrieved from collection 5.1, level-2 aerosol 
product of MODIS-Terra and MODIS-Aqua sensors. MODIS AOD data were acquired 
from NASA’s Goddard Earth Sciences Distributed Active Archive Center (DAAC) 
through the website of NASA’s Goddard Space Flight Center (GSFC) 
(http://ladsweb.nascom.nasa.gov/).   
 
The details of all the satellite products applied in this study are summarized in Table 3.1. 
The satellite data used in this study were retrieved as monthly data for NO2 columns, CO 
columns, and AODs, and as daily data for AODs during 1996-2012. Long-term period 
observations were analyzed in term of both spatial distribution and point-by-point over 
Asian region. For the latter one, the analysis was focused mostly on the capital cities of 
the countries in SEA, China, and Japan, and also the cities that produced high emissions. 
Figure 3.1 presents the map location of the considered areas in this study. Table 3.2 
provides more details of latitude and longitude for the selected cities. In case of point-by-
point analysis, since the spatial resolutions of each satellite are not equal hence, 0.5° × 
0.5° search radius centering at the interested cities was applied for extracting and 
averaging all satellite pixels that fall within this search radius. 
 
Table 3.1 Data collection of satellite products applied in this study 
 







GOME ERS-2 320 × 40 10:30 1996-2003 
SCIAMACHY ENVISAT 60 × 30 10:00 2002-2012 
OMI Aura 24 × 13 13:45 2004-2012 
GOME-2 MetOp 80 × 40 9:30 2007-2012 
CO columns 
(1018 molecules/cm2) 
MOPITT Terra 22 × 22 10:30 2000-2012 
SCIAMACHY ENVISAT 120 × 30 10:30 2003-2008 
AODs 
MODIS Terra 10 × 10 10:30 2000-2012 
MODIS Aqua 10 × 10 13:30 2002-2012 
 
Chapter 3 




Figure 3.1 Map locations of the cities considered in this study 
 
Table 3.2 Latitude and longitude of the cities considered in this study 
 
Country City Latitude Longitude 
China Beijing 39.54° N 116.24° E 
China Shanghai 31.13° N 121.28° E 
Japan Tokyo 35.41° N 139.41° E 
Vietnam Hanoi 21.01° N 105.51° E 
Burma Naypyidaw 19.45° N 96.06° E 
Laos Vientiane 17.57° N 102.36° E 
Philippines Manila 14.35° N 120.59° E 
Thailand Bangkok 13.43° N 100.28° E 
Cambodia Phnom Penh 11.33° N 104.55° E 
Brunei Bandar Seri Begawan 4.53° N 114.56° E 
Malaysia Kuala Lumpur 3.08° N 101.41° E 
Singapore Singapore 1.17° N 103.50° E 
Indonesia Jakarta 6.12° S 106.50° E 
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3.2 Satellite products of NO2 
 
Since this study adopted several satellite products to perform long-term analysis of the 
pollutants, the consistency between the satellite products were then investigated. Different 
satellite datasets were compared using the concurrent time periods and point locations. 
Fourteen cities including capital cities of the countries in SEA and some cities in Japan 
and China were chosen to retrieve monthly tropospheric NO2 columns data from GOME, 
SCIAMACHY, OMI, and GOME-2. Scatter plots of monthly mean tropospheric NO2 
columns from four satellites at all the interested cities and linear regression were applied 
for identifying a relationship between each satellite. In this case, SCIAMACHY datasets 
are used as reference since their measurements have the overlap time period with other 
satellite observations (GOME, OMI and GOME-2). Figure 3.2 shows the comparisons of 
GOME, OMI, and GOME-2 versus SCIAMACHY, and OMI versus GOME-2. All the 
satellite inter-comparisons show good agreements with the correlation coefficients larger 
than 0.85. The relationship between GOME-2 and SCIAMACHY gives the highest 
correlation coefficients of 0.91. For the correlation of GOME and SCIAMACHY, the 
correlation coefficient is 0.87. The main reason for a good consistency is due to their 
similar overpass time (GOME-2: 09:30LT, SCIAMACHY: 10:00LT, GOME: 10:30LT). 
However, the levels of tropospheric NO2 columns from GOME-2 and GOME 
measurements are also lower than those from SCIAMACHY (with the ratio of NO2 
columns from GOME-2 to SCIAMACHY of 0.64, and GOME to SCIAMACHY of 0.62). 
This is owing to the lower resolutions of GOME-2 (GOME-2: 80 × 40 km2) and GOME 
(GOME: 320 × 40 km2) compared to SCIAMACHY (SCIAMACHY: 60 × 30 km2) 
instrument that smooth out the concentrations of the pollutant from the local emissions 
which in this case focused in urban locations. Since the comparisons in this case were 
considered at 0.5° × 0.5° grid size, in order to confirm the effect of the difference between 
satellite horizontal resolutions, further comparative analysis between GOME and 
SCIAMACHY satellites at 3.0° × 0.5° grid size covering the GOME pixel was performed 
and presented in Figure 3.3. The result shows that GOME NO2 levels were still lower than 
SCIAMACHY NO2 levels, but the ratio of NO2 columns from GOME to SCIAMACHY 
increased to 0.84 (from 0.62 at 0.5° × 0.5° grid size). This result highlights that the coarser 
resolution of GOME instrument did smooth out the pollutant concentrations in the urban 
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area. For OMI and SCIAMACHY, they also show good correlation with the correlation 
coefficient of 0.88. Even though, OMI and SCIAMACHY have a difference in spatial 
coverage but both of them have fine resolutions (OMI: 13 x 24 km2) that are able to reveal 
the characteristic of urban and industrial scales as mentioned in Zyrichidou et al. (2009). 
Thus, the main reason of the discrepancy in this case is due to the difference in the local 
equator crossing time (OMI: 13:45LT). The inter-comparison of OMI and SCIAMACHY 
indicates that OMI has lower measurements of tropospheric NO2 columns compared with 
SCIAMACHY (with the ratio of NO2 columns from OMI to SCIAMACHY of 0.55). 
Since during rush hour in the morning, tropospheric NO2 is significantly produced from 
the transportation especially in urban area, then the measurement of SCIAMACHY during 
this period is subsequently high. On the other hand, in the afternoon the photolysis rate is 
higher than in the morning causing the loss of NO2 and resulting in the low measurement 
of tropospheric NO2 during the overpass time of OMI instrument. The comparison 
between OMI and GOME-2 also provides good correlation with the correlation coefficient 
of 0.90. This is because both of them are the new generation of space borne measurements 
with high spatial resolutions. The levels of tropospheric NO2 columns retrieved from OMI 
also appear to be smaller than those retrieved from GOME-2 (with the ratio of NO2 
columns from OMI to GOME-2 of 0.66) due to the same reason with the comparison with 
SCIAMACHY. In addition, difference in algorithms for the retrieval of pollutant 
information and the effects of instrument noise errors are also the reasons for the 
discrepancy. Table 3.3 summarizes the correlation coefficients of the inter-comparison 
between satellite products for each cities considered in this study.  
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Figure 3.2 Satellite product inter-comparison of monthly tropospheric NO2 columns at 




Figure 3.3 GOME versus SCIAMACHY inter-comparison of monthly tropospheric NO2 
columns at 3.0° × 0.5° grid size 
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Figure 3.4 gives long-term time series of tropospheric NO2 columns retrieved from 
different satellite instruments, i.e., GOME (1996-2003), SCIAMACHY (2002-2012), OMI 
(2004-2012), and GOME-2 (2007-2012) for several interested cities such as Shanghai, 
Bangkok, and Jakarta during the period 1996-2012. For the other cities, the time series are 
provided in Appendix B.1.  Figure 3.4 shows that each satellite is generally in agreement 
with each other, especially in term of seasonal variability. Observed data from OMI (the 
green triangle symbol) provide the clearest seasonal cycle. This is due to the finest 
resolution of OMI instrument compared with other instruments as mentioned earlier. 
Moreover, during the period of OMI operating time, OMI data also present the lowest 
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3.3 Satellite products of CO 
 
The inter-comparison of satellite products of CO columns was examined for MOPITT and 
SCIAMACHY instruments. The datasets of monthly mean total CO columns were 
collected at all the cities considered in this study in order to investigate the consistency 
between these two satellites by using scatter plot and linear regression. Figure 3.5 shows 
that the correlation coefficient of CO columns retrieved from MOPITT and SCIAMACHY 
during 2003-2008 for all the cities is around 0.58. Correlation coefficients for each city are 
provided in Table 3.3. The reason for the large discrepancy between these two satellites is 
first due to the difference in spatial resolutions (SCIAMACHY: 120 × 30 km2, MOPITT: 
22 × 22 km2). Secondly, MOPITT obtains CO information from the thermal infrared (TIR) 
band near 4.7 µm, whereas SCIAMACHY obtains from the short-wave infrared (SWIR) 
band near 2.3 µm. The advantage of the SWIR measurement is that it is sensitive to the 
entire troposphere while the TIR MOPITT instrument is mostly sensitive to the middle 
and upper troposphere. However, information in the lower troposphere can be derived 
from TIR measurement where there is sufficient temperature contrast between surface and 
free troposphere, especially during daytime observations over land.  The advantage of the 
TIR measurement is that the instrument of noise error is generally less that 20% whereas 
the error of SWIR measurement can be larger (10-100%). Additional reason making the 
discrepancy between MOPITT and SCIAMACHY measurements is that SCIAMACHY 
provides CO information only above the clouds causing the missing columns below the 
clouds, but MOPITT provides only cloud-free data (de Laat et al. 2010a; de Laat et al. 
2006; Worden et al. 2013). Figure 3.6 presents time series of total CO columns retrieved 
from MOPITT (2000-2012) and SCIAMACHY (2003-2008) instruments for several 
cities. From the graphs, both MOPITT and SCIAMACHY are able to observe the seasonal 
variation of CO columns. However, MOPITT provides clearer seasonal cycle lines due to 
the better spatial resolution. For this reason, the next analysis considered only the CO 
columns retrieved from MOPITT satellite. The long-term time series of CO columns for 
the other cities are provided in Appendix B.2. 
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3.4 Satellite products of AOD 
 
The comparison of the satellite AOD products between MODIS-Terra and MODIS-Aqua 
satellites was performed during the period of 2002-2012 by collecting monthly averaged 
AOD data from all the interested cities. Figure 3.7 shows the scatter plot of AODs 
retrieved from MODIS-Terra and MODIS-Aqua. The regression analysis reveals good 
agreement for these two satellites with the correlation coefficient around 0.92. The 
correlation coefficients for each city are summarized in Table 3.3. From Table 3.3, the 
analysis for each city shows good correlation with the correlation coefficients larger than 
0.73. The discrepancy between these two measurements is due to the difference in satellite 
overpass time, typically around 10:30LT for Terra and 13:30LT for Aqua. Figure 3.8 
gives examples of long-term time series for AODs retrieved from MODIS-Terra (2000-
2012) and MODIS-Aqua (2002-2012) for several interested cities. Based on this analysis, 
MODIS-Terra and MODIS-Aqua present no very significant difference. Both satellite 
measurements are able to observe clear seasonal variation with the similar monthly mean 
magnitudes of AODs varying from region to region. These results are similar with Wang 
et al. (2010) concluding that there was no significantly consistent negative or positive bias 
between Terra and Aqua AODs, though there may be a diurnal cycle near aerosol 
emission regions. Appendix B.3 presents more time series of AODs for the other 
interested cities.  More details of daily AODs analysis between these two measurements 
are provided in Chapter 6.  
 
 
Figure 3.7 Satellite product inter-comparison of monthly AODs at 0.5° × 0.5° grid size 
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Figure 3.8 Time series of AODs for Shanghai, Bangkok, and Jakarta 
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Chapter 4 Long-Term Analysis for Gaseous Air 
Pollutants and Particulate Matter over Asia 
 
4.1 Long-term trend of atmospheric pollutants retrieved from satellites 
 
Since the first objective of this study is to investigate the capability of the satellite 
instruments to observe spatial and temporal variability of atmospheric pollutants such as 
NO2, CO and aerosols over Asian region, long-term data of tropospheric NO2 columns 
(retrieved from GOME, SCIAMACHY, OMI, and GOME-2), total CO columns (retrieved 
from MOPITT), and AODs (retrieved from MODIS-Terra) were collected to investigate 
the spatial distribution and annual trend of these pollutants during the period 1996 – 2012. 
 
4.1.1 Long-term trend of NO2 columns 
 
For long-term analysis of NO2 columns, Figure 4.1a shows the spatial distributions of 
yearly averaged tropospheric NO2 columns over Asia for year 1996 (GOME), 2001 
(GOME), 2005 (SCIAMACHY), and 2010 (SCIAMACHY), respectively. As illustrated in 
Figure 4.1a, significant increasing levels of tropospheric NO2 columns can be clearly 
observed from year 1996 to 2010, especially above eastern part of Chinese regions. China 
is one of the world’s fastest growing economies today. The enhancement of economic 
activities associates with large populated cities, large industrial areas, and large thermal 
power plants based on coal combustion (van der A et al. 2006; Ghude et al. 2009, 2008). 
These activities are the major sources of NOx emissions which are contributed mainly 
from industrial and transportation sectors (Streets et al. 2003). Figure 4.1a also depicts 
other hotspot cities of tropospheric NO2 over East Asia and SEA, such as Seoul, Tokyo, 
Taipei, Hong Kong, Hanoi, Bangkok, Singapore and Jakarta. Figure 4.1b presents the 
spatial distribution of long-term increasing trends (% per 16 years) of tropospheric NO2 
columns during the period 1996 - 2012. The monthly data of GOME product during 1996-
2002, SCIAMACHY product during 2003-2011, and GOME-2 product during 2012 were 
used to calculate the linear trend of NO2 columns. Since the absolute values of GOME and 
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GOME-2 are lower than SCIAMACHY as presented in the previous chapter (Chapter 
3.2), the GOME and GOME-2 data were adjusted to be comparable with SCIAMACHY 
data by using regression equations in Figure 3.2. Sharp positive trends can be observed 
over East China. The results in this case are similar with van der A et al. (2008) reporting 
that a large positive trend of tropospheric NO2 observed by GOME and SCIAMACHY 
during 1996 – 2006 is clearly visible in East China especially in the megacities as Beijing 
(~11% per year) and Shanghai (~29% per year). He et al. (2007) also found a sharp 
increase of tropospheric NO2 columns over Beijing in order of 23.1 % per year (reference 
year 2000) by using GOME and SCIAMACHY measurements from 2000 to 2005. The 
long-term time series of tropospheric NO2 columns plotted in Figure 3.3 (Chapter 3) also 
demonstrate that NO2 columns retrieved from GOME, SCIAMACHY, OMI, and GOME-
2 satellites have built up at high levels during 1996-2012 over Shanghai. 
 
More analysis has focused on the capital cities of the countries in SEA and also some 
cities in Japan and China by using satellite data retrieved from GOME, SCIAMACHY, 
and GOME-2 in order to examine the increasing trend of tropospheric NO2 columns over 
these cities along the study period. It should be noted that the calculation of the percent 
increase in this case only based on GOME, SHIAMACHY and GOME-2 satellites since 
OMI observation has a different local equator crossing time (13:00-14:00) from other 
observations (09:30-10:30) which may pull down the trend due to the reducing levels of 
NO2 in the afternoon. Table 4.1 summarizes the mean values and the trends of 
tropospheric NO2 columns during the period of 1996-2012 for the selected 14 cities. As 
presented in Table 4.1, the trends of tropospheric NO2 columns for some cities are not 
quite clear whether they were increasing or decreasing during 1996 - 2012. However, for 
China, Shanghai and Beijing cities have the highest percent increasing trends with the 
percent increase around 10.9 and 7.3 % per year (ref. year 1996) implying an approximate 
174.5 and 117.3 % increase within 16 years, respectively. For SEA, the cities that give 
high increasing trend are Hanoi, Singapore, and Kuala Lumpur with the percent increase 
per 16 years of 121.1, 105.6 and 77.4, respectively.  Moreover, the results in Table 4.1 
also show that Beijing has the highest mean value of tropospheric NO2 columns during the 
period 1996 – 2012 with the average concentration of 33.7 × 1015 molecules/cm2, followed 
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Figure 4.1 Spatial distributions of tropospheric NO2 columns retrieved from GOME and 
SCIAMACHY (a), and Spatial distribution of percent increasing trend per 16 years of 
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Figure 4.2a and Figure 4.2b present the available data of coal and petroleum consumptions 
for some countries in this study area. In China, coal consumption has increased from ~ 
1470 million short tons in 1996 to ~ 3830 million short tons in 2011, which is around 
250% increase within 15 years. For the countries in SEA such as Singapore, Burma, 
Malaysia, Indonesia and Vietnam, the positive trend of coal consumption have been 
observed to increase by approximately 2000, 840, 710, 600 and 470% over 15 years 
during 1996 – 2011, respectively. Even through these countries have higher increasing 
trend of coal consumption compared to China, the total amount of coal consumption in 
China still tremendously larger than other countries in East Asia and SEA. Furthermore, 
China also has the highest increasing trend (190% per 15 years) and total amount of 
petroleum consumption (9.8 million barrels per day, 2011) compared to others countries. 
This implies that China is the main contributor of NOx emissions over these regions as 




Figure 4.2 Total coal (a) and petroleum (b) consumptions over selected countries 
Data source: EIA (U.S. Energy Information Administration) 
Chapter 4 
Long-Term Analysis for Gaseous Air Pollutants and Particulate Matter over Asia 
37 
 
4.1.2 Long-term trend of CO columns 
 
Figure 4.3a presents the spatial distribution of CO columns retrieved from MOPITT 
satellite for year 2001, 2005, and 2010. Chinese regions, especially in CEC, have the 
highest abundance of CO columns compared to other regions in Asia. Figure 4.3b 
illustrates the spatial distribution of long-term trends (% per 12 years) of CO columns 





Figure 4.3 Spatial distributions of total CO columns retrieved from MOPITT (a), and 
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The long-term trend of MOPITT CO columns during this period is quite constant, most of 
the areas show slightly decreasing trend with the mean value around -5.5% per 12 years. 
However, the spatial distribution in year 2005 illustrates that CO columns are higher than 
in other years, especially in the regions of Indonesia and Malaysia. This is due to the effect 
of warm phase El Niño that extends dry season during this year and led to an increase in 
biomass burning period (Gloudemans et al. 2009). There are also other detected hotspots 
of CO columns in SEA such as in Northern part of Thailand, Burma and Laos where 
biomass burning is the key activities in this area. 
 
4.1.3 Long-term trend of AODs 
 
In term of aerosol loads, Figure 4.4a presents the spatial distribution of AODs retrieved 
from MODIS-Terra satellite for year 2001, 2005 and 2010. The spatial distribution of 
AODs reveals the largest amount of AODs over CEC and some parts of Indian regions. 
Similar with the case of CO columns, several hotspots of AODs are also detected by the 
satellite over the same areas in SEA due to the high emissions from biomass burning.  
Furthermore, higher level of AODs can be observed over the region of Indonesia in 2005 
compared with other years owing to the warm phase El Niño. The similar spatial 
distribution of CO columns and AODs indicates that satellite instruments are capable to 
observe surface emissions and can be used to study air quality; especially in this case 
during biomass burning period. Figure 4.4b illustrates the spatial distribution of long-term 
trends (% per 12 years) of AODs during the year 2000-2012. There is no significant 
increasing trend of AODs during this period. Most of the areas reveal slightly decreasing 
trend with the mean value around -6.5% per 12 years. Some studies over United States 
(Gupta and Christopher 2008b, 2008a) also indicate that air quality has improved from 
2000 to 2006 according to the observation of AODs. However, AODs loads vary 
significantly across space and time depending on various sources, meteorological 
conditions, as well as long-range transboundary transport. 
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Figure 4.4 Spatial distributions of AOD retrieved from MODIS-Terra (a), and Spatial 
distribution of percent increasing trend per 12 years of AOD (b) 
 
4.2 Seasonal variability for different latitude zones 
 
The availability of more than ten years of satellite columnar observations allows for 
investigating the characteristic of interannual and seasonal variability and possible global 
changes in the pollutant concentrations. In this section, the characteristics of seasonal 
variation of NO2 columns, CO columns and AODs were analyzed.  
 
4.2.1 Seasonal variability of NO2 columns 
 
Figure 4.5 illustrates spatial distributions of monthly averaged tropospheric NO2 columns 
retrieved from SCIAMACHY satellite during 2005-2012 for January to December. 
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month compared to other countries. For the SEA, the regions of Thailand, Malaysia and 
Indonesia present the dominant levels. The characteristic of seasonal cycle of NO2 
columns reveals differently at different regions. More analysis has performed by plotting 
time series of monthly NO2 columns retrieved from OMI satellite during 2005-2012 for 
the cities over different latitude zones; mid-latitude, upper part of low-latitude, and near 
Equator zones, which is presented in Figure 4.6. Overall, satellite instruments are able to 
observe seasonal cycle of the pollutants. Figure 4.6a shows the time series of tropospheric 
NO2 columns over the cities in mid-latitude zone such as Beijing, Shanghai, and Tokyo. In 
this area, the maximum levels of NO2 columns were observed during wintertime 
(November-March), while the minimum levels were observed during summertime (July-
September). This is due to the longer chemical lifetime of NO2 during the winter related to 
lower OH concentration (produced by solar radiation) and also higher anthropogenic 
emissions (especially from heating). The results in this case are similar with He et al. 
(2007), Ma et al. (2006), and Uno et al. (2007) which also studied on the seasonal 
variability of tropospheric NO2 over China. In case of SEA region, time series of NO2 
columns for the cities located in the upper part of low-latitude zone are presented in Figure 
4.6b.  Figure 4.6b shows the seasonal variability of NO2 columns for Hanoi, Naypyidaw, 
Vientiane, Bangkok, and Phnom Penh cities. The seasonal cycle in this area is similar with 
mid-latitude zone which has the maximum levels in winter season (November – January) 
and minimum levels in summer/rainy season (June – August). Some cities also found 
another high peak of NO2 columns during biomass burning season (February – April). 
However, for the cities that located near Equator zone as presented in Figure 4.6c for 
Bandar Seri Begawan, Kuala Lumpur, Jakarta and Dili cities, the maximum abundances of 
NO2 columns was found in the different time period compared with the cities in the upper 
latitude zone.  For equatorial region, this area generally has a tropical rainforest climate 
with relatively constant temperature throughout the year. The only variation is the amount 
of rainfall which determines the lifetime of NO2 by the period of rainy and dry seasons. 
During rainy season, western monsoon brings the main rains, which is one of the causes of 
low concentration of NO2 columns by the reaction with rainfall during this period of 
December-March (Beverland et al. 1998; Ghude et al. 2008; Paramee et al. 2005). On the 
contrary, eastern monsoon brings the driest weather during June-September causing the 
maximum levels of NO2 columns during these months.  
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Figure 4.5 Spatial distributions of monthly averaged tropospheric NO2 columns retrieved 





Figure 4.6 Time series of NO2 columns retrieved from OMI for the cities located in mid-
latitude (a), upper-low-latitude (b), and Equator (c) zones 
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4.2.2 Seasonal variability of CO columns 
 
Figure 4.7 illustrates spatial distribution of monthly averaged CO columns retrieved from 
MOPITT satellite during 2005–2012 for January to December. From Figure 4.7, it is quite 
clear that CEC and some parts of Northern Thailand, Vietnam, Laos, and Burma are the 
main contributors of CO columnar loads which were built up at high concentration during 
December to May. July appears to be the period that has the lowest concentration of CO 
columns considering all the regions in Asia. Figure 4.8a-c presents time series of CO 
columns plotted for the cities over different latitude zones during 2000–2012. For the 
cities in mid-latitude zone, i.e., Beijing, Shanghai, and Tokyo (Figure 4.8a), the seasonal 
cycle of CO columns reveals to be similar with NO2 columns that depend on the 
seasonality of OH concentrations. Both NO2 and CO abundances start being higher during 
wintertime. However, the seasonal maximum of CO columns tends to stay last longer than 
NO2 columns for a couple months (December-May) due to the longer lifetime and the 
accumulation of CO in the atmosphere. Moreover, there are high biomass burning 
activities in south China and Taiwan during March-May, and in central China, Korea and 
Japan during May-July, which are also the cause of high CO columns during this period. 
(Streets et al. 2003). The transboundary transport of CO plum from China to the 
downwind area such as Korea and Japan can be detected by MOPITT satellite during 
March-May as shown in Figure 4.7. Similar pattern of seasonal variability is also found in 
other cities located in low-latitude zone. The largest concentrations of CO columns for the 
cities in upper part of SEA (Figure 4.8b) were found in the period of January-April when 
there are high emissions from biomass burning activities. In addition, Figure 4.7 illustrates 
that long-range transport of CO during forest fire season from east-northeast Indian region 
(Venkataraman et al. 2006) toward Burma, central and northern parts of Thailand, Laos, 
and then Vietnam can be observed from February to April due to the prevailing 
northwesterly winds, which enhances intensive emission source already existing in this 
area. For the cities that located near Equator (Figure 4.8c), the seasonal cycle of CO 
columns is not very clear; however, for most of the cities the maximum peak showed up 
during biomass burning period of September-November as also illustrated in Figure 4.7. 
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Figure 4.7 Spatial distributions of monthly averaged total CO columns retrieved from 





Figure 4.8 Time series of CO columns retrieved from MOPITT for the cities located in 
mid-latitude (a), upper-low-latitude (b), and Equator (c) zones 
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4.2.3 Seasonal variability of AODs 
 
Figure 4.9 shows the spatial distribution of monthly averaged AODs retrieved from 
MODIS-Terra satellite during 2005–2012 for January to December. Similar to NO2 and 
CO columns, the seasonal spatial distribution of AODs reveals the highest abundance of 
AODs over CEC in every month compared to other regions in Asia. Indian region also 
shows high levels of AODs during May to August; however, this region is beyond the 
scope of this study, and hence it will not be discussed here. The transboundary transport of 
aerosol from China that pass toward CEC, Korea and then Japan can be observed during 
March, April, and May as illustrated in Figure 4.9 which is coincident with the 
observation of CO columns presented in Figure 4.7. For the regions in SEA, high amounts 
of AODs were presented during February to April over Thailand, Burma, Laos, and 
Vietnam, and during September to November over Indonesia due to high biomass burning 
emissions.    
 
 
Figure 4.9 Spatial distributions of monthly averaged AOD retrieved from MODIS-Terra 
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Figure 4.10a-c present time series of AODs in different latitude zones during 2000-2012. 
The MODIS data of AODs present maximum seasonal values during spring and summer 
(May-July) for the cities in mid-latitude zone as shown in Figure 4.10a for Beijing, 
Shanghai and Tokyo. The maximum levels of AODs in these regions are consistent with 
the seasonal biomass burning (March – July). Besides, dust storm originating in the 
deserts of Mongolia, northern China and Kazakhstan that hits China in springtime (March, 
April, May and may delay trips) results in a higher load of aerosol over China, Korea and 
Japan. As mentioned in previous section that this area has high anthropogenic emissions 
especially from China, these emissions can lead to nitrate aerosols, sulfate aerosols and 
carbonaceous aerosols which also contribute to high AODs (Sun et al. 2013; Zhang et al. 
2010). For the upper part of Southeast Asian cities, Figure 4.10b shows the maximum 
AODs peak during March-April and the second small peak during September-October 
which also matches with the biomass burning period in this area. In case of the cities 
located near Equator zone (Figure 4.10c), the seasonal cycle of AODs is different from the 
cities in the upper part of SEA. The peaks of AODs normally occur during dry season of 
August-October. It is noteworthy that there is a coincidence of a peak during October 
2005 and 2006 between the time series of AODs and CO columns over the cities that 
located near Equator zone. The results in this study are similar with the results in 
(Gloudemans et al. 2009). They found that CO columns retrieved from SCIAMACHY 
satellite have large peaks during spring 2005 and autumn 2006 over Indonesia. With the 
comparison with El Niño-Southern Oscillation (ENSO) precipitation index (ESPI), they 
suggested that peaks of CO columns during this period coincide with El Niño events as 

















Figure 4.10 Time series of AODs retrieved from MODIS-Terra for the cities located in 
mid-latitude (a), upper-low-latitude (b), and Equator (c) zones 
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Chapter 5 Comparison of Surface Measurements 
and Satellite Observations 
 
5.1 Surface data collection 
 
Surface data in this study were derived from two monitoring sources; (1) The Acid 
Deposition Monitoring Network in East Asia (EANET), and (2) Pollution Control 




In case of EANET data source, the datasets of NO2 and PM10 concentrations were obtained 
from 4 stations at Bangkok (Thailand), Xiang Zhou (China), Hongwen (China), and 
Banryo (Japan) during the period of 2001-2008. The sampling sites are located in urban 





For PCD data source, NO2, CO and PM10 concentrations were obtained from 15 stations 
over Bangkok, Rayong and Chiangmai provinces during the period of 1996-2012. The 
reference methods applied for collecting NO2, CO and PM10 are Chemiluminesence, Non-
Dispersive Infared Detection, and Gravimetric High Volume, respectively. Bangkok is the 
capital city of Thailand with a population of over eight million (12.6% of the country's 
population). The city is the economic center of the country's investment and development 
coupled the high concentration of vehicles and also factories in the city and metropolitan 
area. Rayong is placed in the east coast of Thailand. The city is the location of the largest 
industrial estate in Thailand, in which petrochemical and related productions are major 
industries. Chiangmai is located in the North of Thailand. Air pollution from urban 
activities and seasonal vegetation fires is the major issue in this area. The city is also 
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affected by smoke haze from intensive biomass burning in neighboring Burma and Laos. 
Since these three cities have their own characteristic of atmospheric pollutants from 
different sources, long-term satellite measurements were derived to investigate the 
capability of the satellite instruments to observe the annual trend and seasonal variability 
of these pollutants.  
 
Datasets of satellite NO2 columns, CO columns and AODs were compared with surface 
datasets of NO2, CO and PM10 concentrations, respectively, at the concurrent locations 
and time periods. Since retrieved satellite information is provided as grid, whereas the 
ground measurements are represent only a small spot in the area. Hence, inter-
comparisons between the satellite-based and ground-based measurement are not 
straightforward. In case of EANET data source, four 0.5° × 0.5° grid boxes were set 
around four station sites. All the satellite pixels that fall within the grid boxes were 
averaged and then compare with ground-based data at each station. For PCD data, three 
0.5° × 0.5° grid boxes were set around Bangkok, Rayong and Chiangmai cities. The 
ground-based data of all monitoring stations that fall within these grid boxes were grouped 
and averaged together for each city (10 stations in Bangkok, 3 stations in Rayong, and 2 
stations in Chiangmai) to compare with satellite-based data falling within the same grid 
sizes. Figure 5.1 shows the location of EANET and PCD sites. Table 5.1 and 5.2 give the 
latitude and longitude of the ground monitoring stations and the locations of grid boxes 
over EANET and PCD sites, respectively.  
 
 
Figure 5.1 Locations of EANET and PCD monitoring sites 
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5.2 Validation of satellite observations  
 
This part aims to provide quantitative comparisons between ground-based monitoring of 
NO2 and PM10 in one hand, and satellite-based monitoring of NO2 columns and AODs, 
respectively in the other hand in order to assess the capability of satellite instruments for 
observing surface concentrations of the pollutants. Monthly surface NO2 and daily surface 
PM10 data in this study were derived from Bangkok, Xiang Zhou, Hongwen, and Banryo 
stations processed by EANET during the period 2001–2008.  
 
Figure 5.2 illustrates the scatter plots of surface NO2 measurements versus tropospheric 
NO2 columns from GOME, SCIAMACHY, OMI, and GOME-2 satellites in term of 
monthly average at Bangkok, Xiang Zhou, Hongwen, and Banryo stations, respectively. 
The summary of the correlation coefficients between ground-based and satellite-based 
datasets is given in Table 5.3. The results from four stations reveal similar outcome. The 
correlations between satellite- and ground-based NO2 monitoring are in better agreement 
in case of OMI and GOME-2 with the correlation coefficients of 0.61 - 0.74 and 0.62 – 
0.71, respectively, while GOME and SCIAMACHY present weaker relationships with the 
correlation coefficients of 0.40 - 0.56 and 0.45 – 0.55, respectively. The reasons of the 
results in this case can be explained by the horizontal resolution of the satellite 
instruments. Since OMI and GOME-2 have finer spatial resolutions than GOME and 
SCIAMACHY, they are able to provide more precise detection of the characteristic of the 
pollutants in the local scale than those with low spatial resolutions. However, for 
SCIAMACHY case, even it has similar resolution and overpass time with GOME-2 but it 
presents smaller correlation.  This is probably due to the better detector of GOME-2 
instrument since GOME-2 is the new generation of satellite observation as mentioned 
earlier in the previous chapter (Chapter 3). Moreover, many researches has studied on the 
comparison between satellite-borne and ground-based tropospheric NO2 measurements 
and proved that their relationships can be varied by location influenced by land surface, 
seasonal cycle, climate effects, and meteorological parameters such as cloud, fog, wind 
speed and aerosol loading.  Therefore, the discrepancy in this case can be also explained 
by the effects of these parameters.  
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Figure 5.2 Scatter plots of surface NO2 concentrations versus tropospheric NO2 columns at 
Bangkok (a), Xiang Zhou (b), Hongwen (c), and Banryo (d) stations 
 
Figure 5.3 presents the scatter plot between daily surface PM10 mass concentrations and 
satellite AODs retrieved from MODIS-Terra and MODOS-Aqua at Bangkok, Xiang Zhou, 
Hongwen, and Banryo stations, respectively. The results show that the relationships of 
AODs-PM10 vary by locations with the highest correlation coefficient in Xiang Zhou. 
However, the correlations from all sites are generally low with the correlation coefficients 
of 0.33 - 0.59 and 0.38 - 0.62 for surface PM10 mass versus AODs from MODIS-Terra and 
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ground-based and satellite-based datasets for all stations. Note that AODs do not directly 
represent PM10 mass concentrations since AODs refer to the radiation extinction due to the 
interaction of aerosol loads from the ground up to the top of the atmosphere. Therefore, 
several factors can influence the relationship. First, AODs seem to be more sensitive to 
fine particles and sulfates than nitrates and dust (Kim Oanh 2012). Second, meteorological 
parameters such as cloud, relative humidity, boundary layer height, etc. also affect the 
correlations (Gupta et al. 2006; Tsai et al. 2011). Third, the algorithm of AODs retrievals 
perform differently over different land surface (Engel-Cox et al. 2004). For these reasons, 
more analysis on the effect of these factors is needed to improve the correlation between 




Figure 5.3 Scatter plots of surface PM10 concentrations versus AODs at Bangkok (a), 
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Table 5.3 Summary of correlation coefficients (r) between satellite-based (S) and ground-




GOME SCIAMACHY OMI GOME-2 MODIS-Terra MODIS-Aqua 
r N r N r N r N r N r N 
Bangkok (Thailand) 0.46 29 0.55 76 0.74 51 0.68 24 0.44 81 0.38 57 
Xiang Zhou (China) 0.52 27 0.45 69 0.73 51 0.71 23 0.59 259 0.62 192 
Hongwen (China) 0.56 29 0.48 73 0.61 51 0.70 24 0.53 376 0.48 291 
Banryo (Japan) 0.40 25 0.46 60 0.62 37 0.62 23 0.33 174 0.56 276 
 
5.3 Long-term time series of surface measurements and satellite 
observations 
 
In order to investigate the capability of the satellite instruments to observe long-term trend 
and seasonal variability of surface pollutants, surface monitoring data were derived from 
PCD, Thailand during 1996 to 2012 for NO2 mass concentrations and during 2000 to 2012 
for CO and PM10 mass concentrations. Figure 5.4-5.6 give the long-term comparison of 
the monthly satellite data and surface monitoring of NO2, CO and PM10 concentrations, 
respectively over Thailand in Bangkok, Chiangmai and Rayong cities. It can be seen that 
satellite observations can generally capture the seasonal trend of these pollutants, 
especially in case of NO2 and CO. For NO2 columns in case of Bangkok and Rayong 
(Figure 5.4a, b), the maximum values of both satellite NO2 columns and surface NO2 
concentration appear in winter month of November-February as expected due to the longer 
lifetime of NO2 and also high anthropogenic emissions (e.g., mobile and industrial 
sources) while the maximum values in Chiangmai (Figure 5.4c) shows during February-
April due to the high degree of biomass burning activities in Chiangmai during this period.  
 
For CO columns, Figure 5.5 shows good seasonal consistence between MOPITT CO 
columns and surface CO concentrations. The results of seasonal analysis of CO columns 
and surface CO are similar with NO2 columns and surface NO2 for all Bangkok (Figure 
5.5a), Rayong (Figure 5.5b), and Chiangmai (Figure 5.5c) cases. However, in case of 
Bangkok and Rayong cities the maximum period of CO columns (November to March) 
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tend to stay a bit last longer than surface CO concentration (November to February). This 
is probably caused by the elevated CO that transported from the suburban area due to the 
high rice straw burning activities in March. 
 
In case of AODs, even the seasonal trend of AODs shown in Figure 5.6 is not in good 
consistence with PM10 as previous cases of NO2 and CO columns, satellite AODs can 
catch the temporal variation of PM10, especially in Chiangmai. In Bangkok (Figure 5.6a), 
ground monitoring data of PM10 give high concentrations during dry period of October-
March with the peak in December and January, but the maximum peak of AODs appears 
during February-April and the second peak during October-November. Since PM10 data 
are derived from point source, but AODs are the spatial average of the integrated 
columnar aerosol loads from the ground up to the top of the atmosphere, the possible bias 
can be owing to the influence of the transport of PM from suburban area during paddy 
fields burning season in February-April and August-December. Tsai et al. (2011) also 
demonstrated that elevated PM has a large impact on the relationship of AODs and PM. In 
case of Chiangmai (Figure 5.6c), both AODs and PM10 concentrations reveal the highest 
peak during February-April. The peaks of AODs and PM10 concentrations in Chiangmai 
occur at the same period as forest fires which generally have the largest burned area in dry 
season of January-April (highest in March-April) (Bonnet et al. 2006).  The seasonal 
variability of AODs and PM10 in Rayong (Figure 5.6b) is similar with Bangkok that gives 
high degree of AODs and PM10 concentrations during February-April and December-
January, respectively. However, the correlation coefficient of AODs and PM10 in Rayong 
is relatively small (r = 0.24-0.35) comparing with other cases in Bangkok and Chiangmai 
(r = 0.47-0.50 and 0.52-0.55, respectively). Table 5.4 summarizes the correlation 
coefficients of the comparison between satellite retrievals and the concentration of surface 
pollutants. Most of the results show that the relationships of satellite and ground data are 
generally in better agreement for Bangkok and Chiangmai cities than for Rayong cities. 
Rayong is located along the coastline with abundant rainfall. Meteorological variation 
such as cloud, fog, and wind speed can be the cause of lower correlation of satellite and 
ground data as also presented in Chu et al. (2002) that over the coastal regions, there are 
large errors on MODIS AOD products. Moreover, the correlation coefficients of the 
comparisons of satellite data versus NO2 concentrations (r = 0.23-0.89) and CO 
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concentrations (r = 0.51-0.71) provide rather good correlation than PM10 concentration (r 
= 0.24-0.55) for all cities. This result is similar with the comparison between satellite data 
and surface data collected from EANET stations in the previous section. Moreover, in case 
of NO2 the comparison of OMI satellite data and surface NO2 also gives higher correlation 









Figure 5.4 Long-term comparisons of surface NO2 concentrations and satellite NO2 
















Figure 5.5 Long-term comparisons of surface CO concentrations and MOPITT CO 























Figure 5.6 Long-term comparisons of surface PM10 concentrations and MODIS AODs 
over Bangkok (a), Rayong (b), and Chiangmai (c) 
 
Table 5.4 Summary of correlation coefficients (r) between satellite-based (S) and ground-
based data (G) from PCD 
 
City 
NO2(S)-NO2(G) CO(S)-CO(G) AOD(S)-PM10(G) 
GOME SCIAMACHY OMI GOME-2 MOPITT MODIS-Terra MODIS-Aqua 
r N r N r N r N r N r N r N 
Bangkok 0.54 83 0.79 116 0.89 99 0.86 71 0.51 142 0.50 132 0.47 124 
Rayong 0.23 83 0.46 114 0.68 99 0.53 71 0.62 146 0.24 126 0.35 122 
Chiangmai 0.48 63 0.74 94 0.84 99 0.56 67 0.71 126 0.52 132 0.55 124 
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Chapter 6 Development of Regression Model for 
PM Mass Estimation 
 
As mentioned earlier in previous section that satellite AODs do not directly represent 
surface PM10 concentrations. Several factors can influence the relationship between them. 
This section focused more on satellite retrievals of AODs in order to improve the 
correlation of AODs-PM10 by developing the linear regression models between AODs and 
surface PM10 with the correction of meteorological parameters and then apply such models 
to estimate surface PM10 mass concentrations and validate with surface monitoring data. 
 
6.1 Model development process 
 
To develop regression model between satellite AODs and surface PM10 mass 
concentrations, the methodology comprises of 4 steps as follows. 
 
1) Comparative analysis of AODs and surface PM10 mass 
 
This part intended to develop linear regression models by using five-year datasets (2008-
2012) of AODs-PM10 relationship. AODs used in this analysis were retrieved from 
MODIS-Terra and MODIS-Aqua satellites as daily data. The considered areas were three 
provinces of Thailand; Chiangmai, Bangkok, and Rayong. The hourly surface PM10 
concentrations were collected from 15 stations of PCD, Thailand (as presented in Table 
5.2, Chapter 5), from 2008 to 2012. Three 0.5° × 0.5° grid boxes were set around 
interested cities. All the ground-based data falling within these grid sizes were grouped 
and averaged together, and then compared with the satellite-based data falling within the 
same grid sizes. Figure 6.1 shows the locations of 15 PCD stations and the location of 
three 0.5° × 0.5° grid boxes. 
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Figure 6.1 Locations of PM10 monitoring stations and grid of AOD retrievals 
 
MODIS AODs were monitored at different space and time subject to progressive orbits 
while PM monitoring was taken at different time intervals. In order to take temporal 
variability into account, the criteria for collecting surface PM10 data was set to compare 
with satellite AODs at their overpass time. Three-hour of PM10 data were collected and 
averaged from 09:00LT to 12:00LT and from 12:00LT to 15:00LT covering the period of 
MODIS-Terra and MODIS-Aqua overpass times over the study area (Terra ~10:30LT and 
Aqua ~13:30LT), respectively. In addition, 24-hour averaged PM10 data were also applied 
to compare with averaged AODs data of MODIS-Terra and MODIS-Aqua. 
 
2) Cloud screening process 
 
The accuracy of satellite retrievals to estimate ground mass concentrations depends on the 
strength of the regression relationship between retrieved AODs and PM mass 
concentration, which can depend on the accuracy of retrieved AODs and other factors 
such as the study area, aerosol load and type, aerosol vertical profiles, and meteorological 
parameters. Several studies (Engel-Cox et al. 2004; Gupta et al. 2006; Dinoi et al. 2010) 
indicated that cloud contamination in MODIS AODs significantly affects the AODs-PM 
correlation. In this study, cloud screening process was adopted in order to investigate the 
variations of the correlations between surface PM10 mass concentrations and MODIS 
AODs in the different classes of cloudiness in term of cloud fraction (CF). The CF data in 
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this study were derived from the same satellite product of AODs; collection 5.1, level-2 
aerosol product of MODIS-Terra and MODIS-Aqua sensors, during the period of 2008-
2012. 
 
3) Analysis for the effect of other meteorological parameters 
 
As AOD is a quantitative measure of the integrated columnar aerosol load, from the 
ground up to the top of the atmosphere, whereas PM mass is a quantitative measure of the 
particulate mass concentration at the ground surface. Thus, the relationship between PM 
mass concentrations and AODs is expected to depend on meteorological condition (Dinoi 
et al. 2010). In case of ambient relative humidity (RH), it can significantly affect the 
AODs-PM relationship by changing the light scattering properties of the aerosol due to the 
hygroscopic property of the particles. The higher the relative humidity, the larger the 
portion of the light is scattered and then the larger AODs (Zhang and Hoff 2009). Surface 
wind speed (WS) and temperature (T) also play a crucial role in aerosol generation and 
dispersion. They determine the level of the turbulence in the atmosphere. When the 
turbulence is low, satellite sensors will observe almost the same amount of aerosol mass as 
observed by ground instruments. On the contrary, when the level of the turbulence is high, 
ground instruments will observe smaller amount of aerosol mass while satellites still 
observe the same amount. Moreover, higher T also accelerates photochemical reaction 
which may change the composition of PM and then affect the relationship between 
satellite AODs and surface PM mass concentrations.  
 
In this section, the role of the RH, WS, and T on the AODs-PM10 relationship was 
investigated in order to get a better understanding of the robustness of AODs-PM10 
relationship and to improve the overall accuracy of the estimations of surface PM10 mass 
from satellite observations. RH, WS, and T measurements in this study were obtained 
from 15 stations of PCD, Thailand from 2008 to 2012 as hourly data. These parameters 
were averaged as 3-hour average during 09:00LT-12:00LT and 12:00LT-15:00LT, and as 
24-hour average corresponding to the overpass time of MODIS AOD observations. 
Finally, data analysis was conducted by using simple linear regression and multiple linear 
regression to analyze the relationship of AODs-PM10 and the effect of meteorological 
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parameters as presented in Model 1 and Model 2, respectively, where b0 is an intercept, 
and b1, b2, b3 and b4 are regression coefficients. Table 6.1 summarizes the data used for 
this analysis.  
 
PM10 = b0 + b1 (AOD)   (Model 1) 
PM10 = b0 + b1 (AOD) + b2 (RH) + b3 (WS) + b4 (T)   (Model 2) 
  
b0: Intercept 
b1-4: Regression coefficient 
PM10: Surface PM10 mass concentration (µg/m3) 
AOD: Aerosol Optical Depth 
RH: Relative Humidity (%) 
WS: Wind Speed (m/s) 
T: Temperature (°C) 
 










10:30LT (MODIS-Terra) Averaged 9-12:00LT 
Without cloud screen 
CF ≤ 4/10 




13:30LT (MODIS-Aqua) Averaged 12-15:00LT 
Averaged 10:30/13:30LT Averaged 24-hour 
 
4) Model evaluation and comparison 
 
The development of linear regression models to estimate surface PM10 mass 
concentrations used 5-year database of AODs, PM10, RH, WS, and T during 2008-2012. 
To evaluate the validity of the regression model, Model 1 and Model 2 were used to 
estimate surface PM10 mass concentrations over Chiangmai, Bangkok, Rayong, and other 
cities in northern Thailand around Chiangmai city for the pre- and post- year of the 
database used in the model; in this case are year 2007 and 2013. The estimated surface 
PM10 mass concentrations were then compared with those collected from PCD, Thailand 
during the same periods.  
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6.2 Comparative analysis of AODs and surface PM10 mass  
 
MODIS AOD data were comparably analyzed with surface PM10 mass concentrations 
during the 5-year period of 2008-2012 over Thailand to investigate its applicability to 
monitor surface air quality. The first column of Figure 6.2a-c show the scatter plots of 3-
hour averaged surface PM10 mass concentrations during 9:00-12:00LT and 12:00-15:00LT 
versus collocated in space of daily AOD data retrieved from MODIS-Terra (10.30LT 
overpass time) and MODIS–Aqua (13:30LT overpass time), respectively using the process 
as previously stated in the methodology (all the ground- and satellite-based data falling 
within 0.5° × 0.5° grid boxes centering at interested cities were averaged and compared 
together) for Chiangmai, Bangkok, and Rayong cities. In this case, the analysis was 
separated into two seasons, dry season (November-April) and wet season (May-October). 
The blue diamond symbol with the linear black solid line represents the data analysis 
conducted for dry season, whereas the red triangle symbol with the linear black dash line 
represents those for wet season. The results in Figure 6.2a-c demonstrate that during dry 
and wet seasons the comparative analysis gives different correlation of AODs-PM10 as can 
be seen from the linear regression lines. For Chiangmai, the relationship of AODs-PM10 
provides more promising results during dry period than wet period for both Terra and 
Aqua retrievals. The correlation coefficients during dry period (rD) for Terra was 0.61 and 
for Aqua was 0.69 while the correlation coefficients during wet period (rW) were 0.30 and 
0.33 for Terra and Aqua, respectively. The reason for large discrepancy between dry and 
wet seasons is probably due to the lower concentration of surface PM10 mass during wet 
season. As mentioned earlier in several studies (Gupta et al. 2006, 2007) that the 
correlations between AODs and surface PM mass are generally performed better in 
sensitive/unhealthy environment because of the high uncertainties in small MODIS AOD 
values, which in this case there are high amount of particle emissions from the biomass 
burning activities in Chiangmai, especially during dry period of February-March. For 
Bangkok and Rayong, the overall correlation coefficients of AODs-PM10 are generally 
low ranging from 0.19-0.44 for dry season and 0.31-0.51 for wet season with slightly 
higher correlations for AODs retrieved from Aqua satellite. The reason for the lower 
correlations in Bangkok and Rayong could be due to smaller values of AODs and PM10 
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mass concentrations compared to Chiangmai city in the dry season. Further, in the central 
part of Thailand, rice straw field burning commonly happen during dry season of 
November-December and mainly in March-April (Tipayarom and Kim Oanh 2007). 
Therefore, another possible reason for the weak correlations of AODs-PM10 is probably 
caused by the effect of elevated aerosols that transported from the other sources in 
suburban areas outside the considered grid boxes of Bangkok and Rayong cities. This can 
also be the reason for the mildly higher correlations in the wet season compared to dry 
season since the levels of AODs in dry and wet seasons are not quite different for these 
two cities. However, this is only the preliminary analysis. A number of variables are also 
found to be taking into account to improve the AODs-PM correlation which is discussed 













Figure 6.2 Scatter plots of AODs-PM10 at different cloud factor over Chiangmai (a), 
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6.3 Cloud screening process 
 
Many studies (Dinoi et al. 2010; Koelemeijer et al. 2006; Schaap et al. 2009) have shown 
that additional cloud screening would help to improve the correlation of AODs and 
surface PM mass. In this study, cloud data were derived from level-2 Cloud Fraction (CF) 
product of MODIS-Terra and MODIS-Aqua land only algorithm to investigate the impact 
of cloud contamination on the AODs-PM10 relationship. AOD data were grouped in 
different class of CF as CF ≤ 4/10 and CF ≤ 1/10 and plotted against surface PM10 mass 
concentrations over Chiangmai, Bangkok, and Rayong as depicted in the second and third 
columns of Figure 6.2a-c, respectively. Overall, the AOD-PM10 correlation become 
stronger when adopted cloud screening procedure which presented in the higher 
correlation coefficients when the analysis is restricted to more clear-sky day for all the 
considered cities. The results illustrated in Figure 6.2a-c are summarized in Table 6.2 for 
the regression equations, correlation coefficients (r), and number of the data (N) at three 
different cloudiness levels (without cloud screen, CF ≤ 4/10, and CF ≤ 1/10) for MODIS-
Terra and –Aqua observations during both dry and wet seasons. The r values under the 
clear-sky condition of CF ≤ 1/10 increase significantly compared to AODs-PM10 
correlation without cloud screen procedure. For example, in Rayong city during dry 
season the Terra/AODs-PM10 correlation is quite low under the cloudy-sky condition 
(without cloud screen) with the r value of 0.23, but become stronger to 0.51 under CF ≤ 
4/10 and reach the maximum of 0.74 under CF ≤ 1/10. Similar results are also found in 
other cities. In addition to the r values, the slopes of the linear regression equations 
become steeper and the intercepts become smaller after excluding cloud-contaminated 
AOD values, which mean that AODs measured in clear-sky day become more sensitive to 
surface PM mass measurements. This outcome is similar with Dinoi et al. 2010 when the 
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It is noteworthy that the number of the AOD data becomes tremendously smaller after 
adopted cloud screening process. For dry season, the number of the available AOD data 
dropped by the factor around 1.5-4 from CF ≤ 10/10 to CF ≤ 4/10 and by the similar factor 
from CF ≤ 4/10 to CF ≤ 1/10. For wet season, the available AOD data dropped by the 
factor around 7-10 from CF ≤ 10/10 to CF ≤ 4/10 for Chiangmai, but almost reach zero at 
CF ≤ 4/10 for Bangkok and Rayong. This is due to the quite cloudy weather in Bangkok 
and Rayong throughout the year (CF = 7/10 ± 3/10 for dry season, CF = 9/10 ± 1/10 for 
wet season) compared to Chiangmai (CF = 5/10 ± 3/10 for dry season, CF = 9/10 ± 2/10 
for wet season). Since the cloud screening process provide reasonably better AODs-PM10 
correlations, further analysis was considered only the AOD data on clear-sky day with CF 
≤ 1/10. 
 
6.4 Effects of other meteorological parameters  
 
A number of researches have provided evidences showing that meteorological variables 
play a crucial role in the robustness of the regression relationship between AODs and 
surface PM mass such as RH, WS, T, and mixing height (MH) (van Donkelaar et al. 2006; 
Gupta et al. 2006; Koelemeijer et al. 2006; Pelletier et al. 2007; Tian and Chen 2010; 
Wang et al. 2010). 
 
In principle, the concentration of PM mass is measured in a dry condition while the 
measurement of AODs is conducted in an actual ambient environment. Therefore, the 
relationship of AOD-PM is expected to be dependent on the ambient RH. Air humidity 
accounts for changing the light-scattering properties of the aerosol due to its hygroscopic 
property. The higher the RH, the larger the size of hygroscopic particles and hence the 
larger the portion of light is scattered which results in the overestimation of AOD value 
(Zhang et al. 2009). In addition to the RH, planetary boundary layer (PBL) height or MH 
also plays a crucial role determining the volume in which the turbulence is active and 
available for the pollutants to disperse. The development of MH is related to WS, T, and 
RH. In general, a thinner MH corresponds to a higher aerosol density near the surface 
which represents almost the same amount of aerosol observed by the satellites. On the 
other hand, ground samplers detect a lower aerosol density for a thicker MH, but the 
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satellites still observe the same. Surface WS also plays another important role for aerosol 
generation and dispersion in horizontal direction (Dinoi et al. 2010). In term of surface T, 
higher T accelerates photochemical conversion of gaseous to secondary aerosol species, 
especially the production of sulfate which results in an overall increase of fine particle 
mass concentration in the atmosphere (Dawson et al. 2007; Liu et al. 2009). Since sulfate 
is known as a hygroscopic aerosol which is able to enhance the light-scattering properties 
of the aerosol, the MODIS algorithm seem to be more sensitive to fine particles and 
sulfates than to nitrate and dust (Engel-Cox et al. 2004; Wang and Martin 2007). In this 
way, the increase of sulfate aerosols may also affect the AODs-PM relationship.  
 
This study aims to improve the correlation of AODs-PM10 by developing multiple linear 
regression models using retrieved satellite AODs with the consideration of meteorological 
effects and then use such models to estimate surface PM10 mass concentrations. The 
accuracy of such models depends on the strength of AODs-PM10 correlation which is also 
dependent on local meteorological parameters. The linear regression models in this section 
were then developed by using 5-year (2008-2012) data of satellite AODs retrieved from 
MODIS-Terra and MODIS-Aqua as well as meteorological parameters obtained from 
ground monitoring stations including surface RH, WS, and T over Chiangmai, Bangkok, 
and Rayong. These meteorological parameters can be basically monitored elsewhere 
which is suit for the MODIS near real-time AOD products to estimate surface PM mass 
concentrations. Table 6.3 summarizes 5-year data of RH, WS, and T during dry and wet 
season from 2008 to 2012 for Chiangmai, Bangkok, and Rayong. RH values in Bangkok 
and Rayong are commonly higher than Chiangmai for both during dry and wet season due 
to the closer city locations to the coastal areas. The WS data in Bangkok and Rayong 
present lower levels compared to Chiangmai due to the characteristic of urban and 
industrial areas with the presence of high-rising buildings. According to the more northern 
latitude and higher elevation of Chiangmai city, the temperature levels in Chiangmai are 
normally cooler than the other two cities.  
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The development of the regression models between satellite AODs and surface PM10 mass 
concentration was performed following the structure as described earlier in model 
development process. Two type of regression models were developed and compared for 
each city in this study. First, simple linear regression model (Model 1) was developed by 
fitting between AODs and surface PM10 mass concentrations. Second, multiple linear 
regression model (Model 2) was developed to investigate the improvement of the model 
performance due to the meteorological parameter correction. Since the AOD data on clear-
sky day with CF ≤ 1/10 provide the highest AODs-PM10 correlations, the development of 
Model 1 and 2 were then considered only when CF ≤ 1/10 which in this case is for dry 
season. The datasets of AODs retrieved from MODIS-Terra/Aqua with the coincident in 
space and time of surface PM10 mass concentration and meteorological parameter (RH, 
WS, and T) were fitted in the models to calculate model coefficients. Table 6.4 
summarizes model fitting results for Model 1 and 2. The overall results for all the cities 
show that both Model 1 and 2 performances are statistically significant with the p value < 
0.001.  In Chiangmai as indicated by adjusted r2 values, the Model 1 and 2 are able to 
explain 72-78% (r = 0.85-0.88) and 73-81% (r = 0.86-0.90) of the variability in surface 
PM10 mass concentrations, respectively. However, the adjusted r2 values of Model 2 did 
not increase much compared to Model 1 for both AODs retrieved from Terra and Aqua 
satellites implying that correcting the model by meteorological parameters, i.e. surface 
RH, WS, and T, may not significantly improve the predictive performance of the model. 
In case of Bangkok and Rayong, the adjusted r2 values are generally low compared to 
Chiangmai city. The Model 1 and 2 explain 15-43% and 42-57%, respectively for 
Bangkok and 38-54% and 42-62%, respectively for Rayong of the temporal variability in 
surface PM10 mass concentrations. However, including meteorological data in Model 2 for 
Bangkok reasonably enhanced model performance by an increase of adjusted r2 of 27%, 
13%, and 34%, respectively for the analysis of AOD(Terra)-PM10(9-12:00LT), 
AOD(Aqua)-PM10(12-15:00LT), and AOD(Terra-Aqua)-PM10(24hrs).   
 
All the fitting results in Table 6.4 show the negative coefficients for RH and T. This 
supports the idea that incorporating these two parameters in the model helps correcting the 
overestimation of surface PM10 mass concentrations caused by the hygroscopic properties 
of the aerosols. In case of WS, since this study averaged 3-hour and 24-hour data of 
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surface PM10 mass concentrations concurrent with the overpass time of the satellite, 
surface WS is expected to influence on the AODs-PM relationship. Increasing level of WS 
can affect surface PM measurement by diluting PM mass concentration, thus the 
regression coefficient of WS is expected to be negative. From the model fitting results in 
Table 6.4 although positive coefficients appeared for WS in some case of the Model 2, 
these parameters were found to be not significant with the p value > 0.1 (Appendix C). 
Further analysis is then needed to focus on the significance of each parameter in the 
model. In addition, the effect of WS on AODs-PM correlation also depends on wind 
direction; whether the locations of the interested grids are in upwind or downwind of the 
pollutant emission sources, which is not included in this case study.     
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6.5 Model evaluation and comparison 
 
To evaluate the validity of the model performance, Model 1 and Model 2 were applied to 
estimate surface PM10 mass concentrations over Chiangmai, Bangkok, and Rayong during 
dry season of 2007 (6 months of January-April and November-December) and 2013 (4 
months of January-April). The estimated results were then compared with surface PM10 
mass concentrations collected from PCD, Thailand during the same periods. Figure 6.3-
6.5 present the scatter plots of estimated versus measured 3-hour/24-hour PM10 mass 
concentrations over Chiangmai, Bangkok, and Rayong, respectively for year 2007. For 
year 2013, scatter plots were presented in Appendix D.1-3. Since the weather in Thailand 
is commonly cloudy, the validation was performed both without and with cloud screening 
process (CF ≤ 4/10 and CF ≤ 1/10). The overall results in these three cities show that when 
the validation was conducted at lower CF, the correlation coefficients of the estimated and 
measured values became higher for both Model 1 and 2 and for all time window analysis 
(9-12:00LT, 12-15:00LT, and 24-hour), which emphasizes the effect of the cloud 



























Figure 6.3 Scatter plots of estimated vs. measured PM10 concentrations over Chiangmai 





















Figure 6.4 Scatter plots of estimated vs. measured PM10 concentrations over Bangkok 





















Figure 6.5 Scatter plots of estimated vs. measured PM10 concentrations over Rayong 
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In case of Chiangmai (Figure 6.3), correcting the regression model by meteorological 
variables did not improve much the estimation of surface PM10 mass concentrations. The r 
values for Model 2 (r = 0.75-0.92) are mildly higher than Model 1 (r = 0.61-0.91). The 
first reason is probably due to the lower RH during dry season in Chiangmai (~ 65%) 
compared to Bangkok (~ 70%) and Rayong (~ 76%). As demonstrated in Day and Malm 
(2001) and Wang and Martin (2007) that the light-scattering properties of hygroscopic 
aerosol would not change significantly with RH when RH is less than around 70%, as a 
result modifying the regression model by including RH may not improve surface PM10 
mass estimation in Chiangmai as much as in the other two cities. These results are similar 
with Tsai et al. 2011 that the RH values in their study were around 50-65%. Moreover, 
high levels of sulfate concentration are generally found in industrial areas (like Bangkok 
and Rayong), an increase in the production of sulfate aerosols due to high T may be not 
significant enough to affect the AODs-PM10 relationship in Chiangmai where there are 
more of residential areas. Figure 6.6a, b illustrate daily plots between estimated and 
measured 3-hour/24-hour PM10 mass concentrations without cloud screen of AODs during 
biomass burning period from 1st January to 31st March for year 2007 and 2013, 
respectively over Chiangmai city. The modeling results from both Model 1 and 2 are very 
well correlated with measured PM10 mass concentrations both in term of quantitative 
levels and diurnal variations. Nevertheless, during March 2007 the model seem to 
underestimate the measured ones. Chiangmai has been experienced air pollution haze 
episodes each year around February-April (highest in March) due to forest fires and 
agricultural burning. However, the most severe haze episodes were reported in March 
2007 when the whole province was blanketed with haze for two weeks (Kim Oanh and 
Leelasakultum 2011). This could be the reason for the underestimation of PM10 mass 
concentrations during March 2007 since the modelling database did not include the 
information of this year. Table 6.5 and 6.6 summarize the results of model validation for 
year 2007 and 2013, respectively including correlation coefficient (r), an increase of r 
value of Model 2 compared to Model 1, mean ± 1 standard deviation (SD) of actual PM10 
mass concentration, root-mean-square error (RMSE), and number of the data (N) at 
different class of cloudiness. All the results in Chiangmai present that the RMSE values of 
Model 2 are smaller than Model 1 and smaller than ± 1 SD. 
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(a)                                                                    (b) 
 
 
Figure 6.6 Daily plots of estimated and measured 3-hour/24-hour PM10 mass 
concentrations during biomass burning period for year 2007 (a) and 2013 (b) 
 
For Bangkok and Rayong, the model performance for these two cities are not satisfying as 
much as for Chiangmai city, however, including meteorological variables in the model 
provided relatively better estimation results for all cases of Model 2 (Bangkok: r = 0.54-
0.90, Rayong: r = 0.56-0.92) compared to Model 1 (Bangkok: r = 0.23-0.81, Rayong: r = 
0.26-0.89). The regression lines of Model 2 provide steeper slope (closer to 1) and smaller 
intercept (closer to zero) implying that Model 2 are more sensitive to actual surface PM10 
mass concentrations than Model 1. In addition, RMSE values of Model 2 are lower than 
Model 1 considering all class of cloudiness for both year 2007 and 2013. Most of the 
results in Figure 6.5 shows that Model 1 and 2 slightly overestimated actual values for 
Rayong city as can be seen from the data points scattering above the y=x line. For 
Bangkok, Figure 6.4 presents that the models slightly underestimated the actual ones when 
the values are approximately larger than 60 µg/m3. Nevertheless, the RMSE values of both 
Model 1 and 2 in Bangkok and Rayong cities are generally smaller than ± 1 SD of 
measured PM10 mass concentrations. The results also show that when the validation was 
restricted to more clear-sky day, the effect of the other meteorological parameter (RH, 
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WS, and T) to improve the estimation became less; as presented in the increase of r values 
of Model 2 compared to Model 1 that reveal the smaller values when CF became lower. 
This is due to the stronger sensitivity of AODs to PM10 compared to other parameters 
when there is less cloud-contamination in AOD values. However, since Thai weather is 
usually cloudy, adopting clear-sky AODs as a representative of surface PM concentrations 
on the daily basis is considerably difficult. This analysis highlights the significance of the 
meteorological factors, i.e. RH, WS, and T, in order to obtain more frequent PM data with 
higher accuracy.  
 
Since Model 1 and 2 over Chiangmai city provide the highest model performance 
compared to Bangkok and Rayong cities, further analysis used Model 1 and 2 of 
Chiangmai city to estimate surface PM10 mass concentrations over seven cities around 
Chiangmai in northern Thailand i.e., Chiangrai, Maehongson, Phayao, Nan, Lamphun, 
Lampang, and Phrae, during January-March 2013. The estimated results were then 
validated with the surface data from PCD stations. Figure 6.7 presents the locations of 0.5° 
× 0.5° grid boxes of the averaged satellite AOD data centering at each PCD station for 
each considered city around Chiangmai. 
 
 
Figure 6.7 Lacations of AOD grid boxes centering at ground stations in northern Thailand 
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The daily plots of estimated and PCD measured PM10 mass concentrations over these 
seven cities are given in Figure 6.8 for the time window at 9:00-12:00LT and 12:00-
15:00LT. For the time window at 0:00-24:00LT, the results are presented in Appendix E. 
From Figure 6.8, the estimated PM10 concentrations from both Model 1 and 2 are 
generally in good agreement with actual one, especially during biomass burning period in 
March. Most of the modeling results can capture the high episode of PM10 mass. Model 2 
slightly provides better correlation coefficients and Model 1 for all the cities and all time 
windows. In addition, the RMSE values of the estimated PM10 mass concentrations from 
Model 2 compared to the actual one are smaller than from Model 1 for all cases except for 
Phrae city. Well correlated results in term of absolute level between the estimated PM10 
mass concentrations and the actual one can be seen in Phayao, Nan, Lamphun, and 
Lampang, particularly at 12:00-15:00LT (during the overpass time of MODIS-Aqua) and 
0:00-24:00LT time windows. However, there are still some overestimations during 
January-February for most of the results at 9:00-12:00LT time window (during the 
overpass time of MODIS-Terra). For Chiangrai, Maehongson, and Phrae, most of the 
modeling results seem to underestimate the actual PM10 mass, especially over 
Maehongson city where the highest concentration in March during the morning almost 
reached 700 µg/m3 while the highest levels in the other cities were generally lower than 
300 µg/m3. Table 6.7 summarizes the comparison results of estimated and measured 
surface PM10 concentrations for all time windows over the seven cities. The correlation 
coefficients for all the cities are between 0.75-0.92 for Model 1 and 0.78-0.93 for Model 2 
at all time windows. The RMSE values of both Model 1 and 2 are all smaller than ± 1 SD 
of the actual one. More details of the analysis are presented in the scatter plots of the 
estimated versus PCD measured PM10 in Appendix D.4. From the scatter plots, the results 
show that slopes of Model 2 are closer to 1 compared to Model 1. Moreover, the intercepts 
of Model 2 also closer to zero compared to Model 1. This analysis suggests that satellite 
AOD observations can provide the data of PM10 mass concentration, particularly during 
high episode of PM10 which in this case is during biomass burning period, and are able to 
be used as a proxy of surface PM10 mass after the careful validation, especially in the 
limited in situ availability. Furthermore, including meteorological parameters (RH, WS, 
and T) into the models also help improving the estimated results in term of both 
quantitative level and diurnal variation.  
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Figure 6.8 Daily plots of estimated and measured 3-hour PM10 mass concentrations during 
biomass burning period for year 2013 over northern Thailand 
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Table 6.7 The results of model validation for surface PM10 concentration estimations 
during 2013 over northern Thailand 
 
Station name 
(City) Latitude Longitude 
Estimated vs.  
PCD Measured 
PM10 (2013) 
Model r mean±1SD (PCD PM10) 
RMSE N 
Chiangrai 19.91°N 99.82°E 
9:00-12:00LT 
Model 1 0.75 80.03±61.62 50.60 64 Model 2 0.78 40.19 
12:00-15:00LT 
Model 1 0.81 78.33±49.35 32.98 64 Model 2 0.82 31.52 
0:00-24:00LT 
Model 1 0.77 79.44±51.35 36.55 80 Model 2 0.81 30.18 
Maehongson 19.30°N 97.97°E 
9:00-12:00LT 
Model 1 0.76 110.76±143.16 110.71 73 Model 2 0.81 97.28 
12:00-15:00LT 
Model 1 0.92 87.50±84.07 59.66 74 Model 2 0.93 58.78 
0:00-24:00LT 
Model 1 0.84 88.22±93.39 60.06 87 Model 2 0.88 56.08 
Phayao 19.16°N 99.90°E 
9:00-12:00LT 
Model 1 0.80 83.92±51.64 39.00 72 Model 2 0.85 29.30 
12:00-15:00LT 
Model 1 0.87 67.47±42.56 24.41 61 Model 2 0.89 22.98 
0:00-24:00LT 
Model 1 0.86 69.74±45.33 30.84 81 Model 2 0.90 24.63 
Nan 18.79°N 100.78°E 
9:00-12:00LT 
Model 1 0.82 65.56±55.15 52.46 70 Model 2 0.83 40.53 
12:00-15:00LT 
Model 1 0.91 61.91±42.28 24.50 66 Model 2 0.92 19.27 
0:00-24:00LT 
Model 1 0.86 75.25±48.00 31.86 83 Model 2 0.88 28.52 
Lamphun 18.57°N 99.01°E 
9:00-12:00LT 
Model 1 0.78 79.41±53.39 33.72 72 Model 2 0.88 28.88 
12:00-15:00LT 
Model 1 0.79 59.33±35.43 30.26 75 Model 2 0.82 25.82 
0:00-24:00LT 
Model 1 0.76 77.03±36.91 25.57 87 Model 2 0.82 24.43 
Lampang 18.25°N 99.65°E 
9:00-12:00LT 
Model 1 0.81 93.76±62.81 40.78 73 Model 2 0.89 32.96 
12:00-15:00LT 
Model 1 0.88 
60.19±41.48 
24.10 
63 Model 2 0.89 19.45 
0:00-24:00LT 
Model 1 0.86 79.49±42.51 24.29 83 Model 2 0.91 20.62 
Phrae 18.13°N 100.16°E 
9:00-12:00LT 
Model 1 0.81 
116.84±66.21 
43.76 
73 Model 2 0.89 45.89 
12:00-15:00LT 
Model 1 0.85 89.81±47.50 22.76 67 Model 2 0.86 39.56 
0:00-24:00LT 
Model 1 0.88 
94.81±42.39 
20.31 
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Chapter 7 Comparison of Source Emissions and 
Satellite Observations 
 
7.1 Source emission data collection  
 
Pollution source inventories considered in this study are REAS and MACCity inventories. 
These two inventories were used to comparably analyze with satellite observations to 
investigate the ability of the satellite to observe surface emissions. The details of REAS 
and MACCity are provided as follows. 
 
1) REAS emission inventory 
 
Regional Emission inventory in Asia (REAS) is the inventory that integrates historical, 
present, and future emissions for the period 1980-2020 covering East, Southeast, and 
South Asia. It was constructed for historical emissions for 1980-2003, and predicted 
emissions for 2004-2009 on the basis of emissions in 2003 and 2010. For the future 
emissions in 2010 and 2020, they were projected on the basis of emissions in 2000 and 
emission scenarios.  For China, three emission scenarios were also developed for year 
2010 and 2020 in term (1) Policy Failed Case (PFC), (2) Reference (REF), and (3) Policy 
Success Case (PSC). REAS emissions were estimated based on fuel combustion sources 
and non-combustion sources as a part of anthropogenic activities including power sectors, 
industrial sectors, transport sectors, and other (mainly domestic) sectors. It mainly focused 
on the emissions of BC (black carbon), CO, NMVOCs (non-methane volatile organic 
compounds), NOx, OC (organic carbon), and SO2. More details on the development of 
REAS anthropogenic emission source are provided in Ohara et al. (2007). Moreover, CH4 
(methane) emissions from rice fields and livestock were also considered in REAS 
inventories. The details are provided in Yamaji et al. (2003) and Yan et al. (2003b, 2003a). 
These emission estimations were calculated in term of yearly average and distributed into 
a 0.5° × 0.5° grid using index database information such as population, positions of the 
large point sources, land cover, and land area. 
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2) MACCity emission inventory 
 
MACCity emission dataset is a new extension of the ACCMIP and the RCPs emissions 
dataset as part of MACC (Monitoring Atmospheric Composition & Climate) and CityZen 
EU project. At first, in order to support the fifth IPCC-AR5 (Intergovernmental Panel for 
Climate Change Assessment Report 5), ACCMIP (Atmospheric Chemistry and Climate – 
Model Intercomparison Project) and RCP (Representative Concentration Pathways) 
emissions were developed on a decadal basis to provide a dataset of monthly, sectoral, 
gridded anthropogenic and biomass burning emissions during the historical period of 1850 
– 2000 by using year 2000 as a reference year. For the future period, the extended 
emission dataset was developed by using RCP8.5 emission scenario for the year 2005 and 
2010. This dataset was extended on a yearly basis for the period 1960-2010 for the 
anthropogenic emissions, and 1960-2008 for the biomass burning emissions in term of 
gridded monthly mean global sectoral emissions and was referred as MACCity. For 
ACCMIP MACCity anthropogenic inventory, emissions comprise of the emissions 
originating from energy use in stationary and mobile sources, industrial processes, 
domestic and agricultural activities. For ACCMIP MACCity biomass burning inventory, 
emissions consist of all emissions resulting from natural and man-made activities which 
are quantified for two sectors; forest and grassland/savanna. The spatial resolution of the 
MACCity emission dataset is 0.5° × 0.5° grid. Further description of MACCity emission 
datasets are provided in Diehl et al. (2012), Granier et al. (2011), Lamarque et al. (2010), 
and van der Werf et al. (2006). 
 
3) Integration of satellite measurements and source emissions 
 
The objective of this part is to comparably analyze the consistency between satellite 
observations and emissions of the pollutants. Satellite NO2 columns were retrieved from 
GOME, SCIAMACHY, OMI, and GOME-2. Satellite CO columns retrieved from 
MOPITT. NOx and CO emissions were derived from REAS (anthropogenic source) and 
MACCity (anthropogenic and biomass burning sources) inventories through ECCAD-
Ether (Emissions of atmospheric Compounds & Compilation of Ancillary Data) database 
website from 1996 to 2008. Since the spatial resolutions of both emission inventories are 
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at 0.5° degree, the comparison between satellite and emission datasets were then set at 
0.5° grid size covering the interested cities to facilitate the comparison between them. All 
the satellite data and emission data that fall within this grid size were averaged and 
compared together.   
 
The analysis in this case was separated into two parts; yearly analysis and monthly 
analysis. For the first part, monthly data of MACCity emissions (NOx and CO) and 
satellite retrievals (NO2 and CO columns) were averaged in term of yearly average, and 
then compared together in order to study interannual variation and long-term evolution of 
the pollutant emissions. For REAS emissions, since the data format are originally 
provided in term of yearly average, both NOx and CO emissions from REAS were directly 
compared with those from MACCity and satellite retrievals. 
 
For the second part, MACCity NOx and CO emissions were obtained in term of monthly 
average from both anthropogenic emissions and biomass burning emissions. Monthly NOx 
and CO emissions were then compared with monthly satellite retrievals of NO2 columns 
and CO columns, respectively in order to investigate the consistency of seasonal variation 
between them. Moreover, the MACCity anthropogenic emissions and biomass burning 
emissions were compared together to investigate the dominant emission in that area. 
 
7.2 Long-term comparison of source emissions and satellite observations  
 
7.2.1 Yearly analysis 
 
1) satellite NO2 columns versus NOx emissions  
 
In this section, REAS and MACCity NOx emission inventories were derived in term of 
yearly data to study the evolution of NOx emissions over the study areas during the period 
1996–2008. Figure 7.1 presented the annual trend of REAS and MACCity NOx emissions 
together with the tropospheric NO2 columns data from GOME, SCIAMACHY and 
GOME-2 satellites. The averaged data of tropospheric NO2 columns from these three 
satellites (black star symbol) were calculated based on yearly averages in order to 
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investigate the consistency with NOx emissions. The measurements of OMI are not 
included in this part since OMI have the different satellite overpass time. Figure 7.1a-c 
gives examples of the results for Shanghai, Naypyidaw and Jakarta cities, respectively. 
The orange diamond symbol represents anthropogenic NOx emissions from REAS 
inventory, the blue diamond symbol represents anthropogenic NOx emissions from 
MACCity inventory, and the red circle symbol represents the sum of anthropogenic and 
biomass burning NOx emissions (total NOx emissions) from MACCity inventory.  
 
Table 7.1 summarizes the % increasing trend over the study period for satellite NO2 
columns and NOx emissions for all the cities. In case of China, both NOx emissions from 
REAS and MACCity inventories and tropospheric NO2 columns show increasing trends 
with the % increase over Shanghai city of 4.72, 4.61, and 14.94 per year, respectively, and 
over Beijing city of 3.70, 6.61, and 9.45 per year, respectively. The earlier study of Uno et 
al. (2007) over CEC region during 1996 to 2003 shows that REAS NOx emissions and 
tropospheric NO2 columns retrieved from GOME and simulated from CMAQ model have 
similar increasing trends, but GOME data give a steeper trend after the year 2000. Their 
results are similar with this study as presented in Figure 7.1a for Shanghai. From Table 
7.1, the cities that have increasing trends of both total NOx emissions and satellite NO2 
columns more than 2 % per year are Hanoi, Bangkok, Phnom Penh, and Kuala Lumpur. 
For the cities that have increasing trends less than 2 % per year are Manila, Bandar Seri 
Begawan, and Jakarta. The city that has decreasing trends of both total NOx emissions and 
satellite NO2 columns is Tokyo with the % decrease of -3.73 and -1.71 per year, 
respectively. In case of Naypyidaw city as presented in Figure 7.1b, even though the long-
term trends of NOx emissions and tropospheric NO2 columns are demonstrated in opposite 
way, the interannual variability in some years presents the similar pattern between NO2 
columns and NOx emissions from biomass burning activity which is dominant in that area. 
This suggests that for the further study, it should be considered more on interannual 
variation. Singapore city also reveals the opposite trend between NOx emissions and NO2 
columns. From Table 7.1, Singapore presents a significant increasing trend of NO2 
columns with the % increase of 7.52 per year, while the trend of NOx emissions from both 
REAS and MACCity are relatively constant. This indicates that NOx emissions in 
Singapore may be underestimated. For Jakarta, Figure 7.1c shows that NOx emissions 
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from MACCity are around 3 times higher than REAS emission. However, long-term 
trends of both inventories and NO2 columns are presented in the similar way with slightly 
increasing trends of 3.44, 1.59, and 0.93 % per year for REAS NOx emission, MACCity 
NOx emission, and NO2 columns, respectively. Time series of NOx emissions and satellite 





Figure 7.1 Long-term annual analysis of satellite NO2 columns versus NOx emissions for 
Shanghai (a), Naypyidaw (b) and Jakarta (c) 
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2) satellite CO columns versus CO emissions  
 
For the analysis of long-term annual trends between CO emissions and satellite CO 
columns, CO emissions were derived from REAS inventory for anthropogenic emission 
and from MACCity inventory for both anthropogenic and biomass burning emissions. 
Total CO columns were retrieved from MOPITT satellite. Time series of these datasets are 
presented during 2000-2008 in Figure 7.2a-c for Shanghai, Naypyidaw, and Jakarta cities, 
respectively. The results for the other cities are illustrated in Appendix F.2. Table 7.2 
summarizes the % increase of CO emissions and CO columns for all the interested cities. 
In general, most of the cities present relatively constant trends of both CO emissions and 
CO columns. The trends of MOPITT CO columns for all the cities range from -0.88 to 
0.70 % per year. For China, CO emissions from REAS and MACCity present slightly 
increasing trends of 3.62 and 1.94 % per year, respectively for Shanghai (Figure 7.2a) and 
of 3.99 % per year for Beijing from both REAS and MACCity. For Naypyidaw (Figure 
7.2b) and Bandar Seri Begawan where biomass burning activity is dominant, MACCity 
CO emissions from biomass burning sources reveal significant increasing trends with the 
% increase of 10.87 % per year for Naypyidaw and 50.89 % per year for Bandar Seri 
Begawan. However, the interannual variations of CO emissions from biomass burning for 
these two cities are quite fluctuated as can be seen in Figure 7.2b for Naypyidaw case. For 
Jakarta (Figure 7.2c) and other cities, the trends of MACCity CO emissions from both 
anthropogenic and biomass burning sources range from -3.78 to 2.88 % per year. It should 
be noted that CO columns do not directly represent CO emission. Since CO gas has 
relatively long lifetime (about two months) which can transport over a long distance, it is 
more difficult to trend surface pollutant emissions using CO columns than short-lives gas 
(e.g., NO2). Most of the NO2 gas in vertical column is found near its surface emission 
source due to its short chemical lifetime and its low background level compared to the 
level in industrialized areas.  On the other side, long-lifetime gas (e.g., CO) can have a 








Figure 7.2 Long-term annual analysis of satellite CO columns versus CO emissions for 





















































































































































































































































































































































































































































































































































































































































































































































































































































































































Capability of Satellite Instruments to Observe Air Pollution Emissions 
94 
 
7.2.2 Monthly analysis 
 
MACCity emission inventory of NOx and CO was derived in term of monthly average 
from year 1996-2008 to study the evolution and seasonal pattern of the pollutant emissions 
over the study area, and to investigate the consistency between satellite retrievals and 
emission data. Both anthropogenic emissions and biomass burning emissions of NOx and 
CO were used to compare with satellite retrievals of NO2 columns and CO columns, 
respectively. Below, three cities (Shanghai, Naypyidaw, and Jakarta) with notable 
seasonal variability in the emissions are described. 
 
1) satellite NO2 columns versus NOx emissions  
 
Figure 7.3a-c show the results of long-term analysis of NOx emissions for Shanghai, 
Naypyidaw, and Jakarta cities, respectively. Since OMI satellite has the local equator 
crossing time in the afternoon (~13:45LT) while GOME, SCIAMACHY and GOME-2 
satellites are in the morning (~9:30-10:30LT), full black circle symbol in Figure 7.3 
represents retrieved OMI data and open black circle symbol represents averaged data of 
GOME, SCIAMACHY and GOME-2 retrievals. Figure 7.3 demonstrates that satellite 
observations are generally able to capture the interannual and seasonal variability of total 
NOx emissions (sum of anthropogenic and biomass burning emissions). In case of 
Shanghai, Figure 7.3a shows that both satellite data and total NOx emissions have 
significantly increasing trends during 1996-2008. Figure 7.4a-c shows the averaged 
seasonal cycle of observed NO2 columns and NOx emissions data, it presents that the 
maximum levels of NO2 columns and NOx emissions in Shanghai (Figure 7.4a) are 
revealed in the winter and the minimum in the summer as also mentioned in previous 
chapter (Chapter 4 and 5). Figure 7.5a-c presents the comparison of NOx emissions from 
anthropogenic versus biomass burning activities. In case of Shanghai (Figure 7.5a), NOx 
from biomass burning emissions has a peak during May-July while NOx from 
anthropogenic emissions has a peak during November-February. However, satellite 
observations only catch the seasonal trend of NOx emissions from anthropogenic activities 
which are dominant in this area. For Naypyidaw, the city is surrounded by the agricultural 
land causing biomass burning activities predominant in this area. Figure 7.5b shows that 
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NOx emitted from anthropogenic activities are relatively constant throughout the year, but 
biomass burning emissions have the peak in March.  From the graph of long-term time 
series in Figure 7.3b, satellite NO2 columns have similar seasonal trend with total NOx 
emissions and are able to capture the high NOx episodes from biomass burning activities 
as also shown in Figure 7.4b.  However, in term of quantitative level, there are still 
discrepancies of interannual variability between satellite observations and surface 
emissions which is the reason for the opposite long-term trends between these two datasets 
as presented earlier in Section 7.2.1 for yearly analysis. For Jakarta, Figure 7.5c shows 
that the major emissions in this area are from anthropogenic activities. The city is located 
close to Equator zone with the effects of heavy rainfall and tropical monsoons, yet satellite 
instruments are capable to capture the seasonal cycle of NOx emissions which the 
maximum takes place in dry season (June-September) and the minimum in wet season 
(November-February) as illustrated in Figure 7.3c and Figure 7.4c. The results for others 





Figure 7.3 Long-term monthly analysis of satellite NO2 columns versus MACCity total 
NOx emissions over Shanghai (a), Naypyidaw (b) and Jakarta (c) 
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Figure 7.4 Seasonal cycle of satellite NO2 columns versus MACCity total NOx emissions 
over Shanghai (a), Naypyidaw (b) and Jakarta (c) 
 
 
Figure 7.5 Seasonal cycle of MACCity NOx emissions from biomass burning versus 
anthropogenic activities over Shanghai (a), Naypyidaw (b) and Jakarta (c) 
 
Table 7.3 summarizes the correlation coefficients between total NOx emissions and 
retrieved NO2 columns for all the considered cities. Most of the cities that have good 
correlations between NOx emissions and satellite observations are located in mainland 
with the less effect of meteorological variations. For the cities located near coastal area or 
Equator zone, mostly the correlations of MACCity NOx emissions and tropospheric NO2 
columns are generally low and presented no clear seasonal pattern of both tropospheric 
NO2 columns and NOx emissions as presented in Appendix G.1 for Manila, Bandar Seri 
Begawan, Kuala Lumpur, Singapore, and Dili cases. The possible bias can be caused by 
the uncertainty in satellite retrievals, the influence of elevated pollutant from other 
sources, the meteorological effects, or the inaccuracy of emission estimation. Moreover, 
the mismatch of time and space averaging between surface emissions and satellite 
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Table 7.3 Summary of correlation coefficients (r) between satellite columns and MACCity 
emissions  
 
Country City rNO2-NOx rCO-CO 
China Beijing 0.67 0.14 
China Shanghai 0.72 0.52 
Japan Tokyo 0.50 0.27 
Vietnam Hanoi 0.66 0.70 
Burma Naypyidaw 0.46 0.60 
Laos Vientiane 0.69 0.69 
Philippines Manila 0.30 0.71 
Thailand Bangkok 0.73 0.87 
Cambodia Phnom Penh 0.47 0.74 
Brunei Bandar Seri Begawan 0.34 -0.07 
Malaysia Kuala Lumpur 0.14 0.27 
Singapore Singapore 0.19 0.27 
Indonesia Jakarta 0.67 0.16 
East Timor Dili -0.38 0.64 
 
 
In order to examine the effect of the meteorological condition on the relationship of NOx 
emissions and satellite NO2 retrievals, the amount of precipitation was derived from The 
National Oceanic and Atmospheric Administration (NOAA) website for the available 
meteorological stations. Figure 7.6 demonstrates an effect of the precipitation parameter 
on the relationship of tropospheric NO2 columns and MACCity NOx emissions by 
depicting the scattering plot of the precipitation versus the ratio of tropospheric NO2 
columns to NOx emission, “LNOx” (which have the same unit as NOx lifetime), in term of 
monthly data (January-December) averaged from year 1996 to 2008. From Figure 7.6a-c, 
examples are provided for Tokyo, Phnom Penh and Kuala Lumpur cities as a 
representative for the cities that located in mid-latitude, upper part of low-latitude, and 
Equator belt, respectively. The analysis for other cities is given in Appendix H.1.  The 
results show that when the precipitation is high, the tropospheric NO2 columns would be 
low due to the interaction with water causing the small value of LNOx. The summary of the 
correlation coefficient between the precipitation and LNOx for all selected cities is 
presented in Table 7.4. For most of the cities, the relations of the precipitation and LNOx 
(hour) have the correlation coefficients in range of -0.35 to -0.85 (except for Manila city), 
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which support the hypothesis that meteorological parameters play a role in NOx lifetime 
and the relationship between tropospheric NO2 columns and NOx emissions. Figure 7.7a-c 
provides the seasonal variations of monthly averages precipitation and LNOx. The results 
shows that during the rainy season the lifetime of NOx is shorter than other months which 
is also correlated with the seasonal cycle of NO2 columns and NOx emissions presented in 
Figure 7.4 for the cities that located in the same latitude zones. The results for other cities 
are provided in Appendix H.2. 
 
 
Figure 7.6 Scatter plot of monthly averages of the precipitation and LNOx (hour) in Tokyo 
(a), Phnom Penh (b), and Kuala Lumpur (c) 
 
 
Figure 7.7 Seasonal variability of monthly averages of the precipitation and LNOx (hour) in 








a b c 
a c b 
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Table 7.4 Summary of correlation coefficients (r) between the precipitation and LNOx 
(hour)  
 
Country City r 
China Beijing -0.63 
China Shanghai -0.35 
Japan Tokyo -0.85 
Vietnam Hanoi - 
Burma Naypyidaw -0.55 
Laos Vientiane -0.46 
Philippines Manila 0.42 
Thailand Bangkok -0.65 
Cambodia Phnom Penh -0.59 
Brunei Bandar Seri Begawan -0.49 
Malaysia Kuala Lumpur -0.51 
Singapore Singapore - 
Indonesia Jakarta - 
East Timor Dili - 
 
 
2) satellite CO columns versus CO emissions  
 
Regarding CO emissions, Figure 7.8a-c and Figure 7.9a-c present the comparative 
analysis of long-term trend and seasonal variability of MOPITT CO columns versus CO 
emissions for Shanghai, Naypyidaw and Jakarta, respectively. Overall, Figure 7.8 and 7.9 
shows that satellite observations of CO columns are able to capture the high episodes and 
follow the seasonal cycle of total CO emissions (sum of anthropogenic and biomass 
burning emissions) for all the cities. Figure 7.10a-c presents the comparison of CO 
emissions from anthropogenic versus biomass burning activities. Figure 7.10a shows that 
the seasonal cycle of CO emitted from biomass burning and anthropogenic activities in 
Shanghai city is similar with NOx emissions with the maximum values of anthropogenic 
emissions in the winter. In addition, the long-term trends of CO columns and CO 
emissions are both relatively constant. In case of Naypyidaw city, as mentioned previously 
that biomass burning emissions are predominant in this area, the maximum peak of CO 
emissions from biomass burning sources presents in March (Figure 7.10b). Figure 7.8b 
and Figure 7.9b also show that satellite CO columns can observe the peak of the 
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emissions. However, satellite also catches another small peak of CO column during 
October-November. With regard to Streets et al. (2003), they show that in Southeast Asian 
region there are two periods of biomass burning that emitted high CO. The first peak 
occurs in February-April and the second occurs in August-October. The latter takes less 
burned area. This could be the reason of the second small peak shown up in Figure 7.8b, 
implying that there might be an underestimation of NOx emissions during these months. 
For Jakarta, there are two small peaks of CO emissions during April-June and August-
October dominated by anthropogenic activities (Figure 7.10c). However, Figure 7.8c 
reveals that in some years satellite can only observe the latter one. The possible causes of 
the inconsistency could be due to the uncertainties in satellite retrievals and also the 
seasonal difference of the chemical reaction between CO and OH since Jakarta’s wet 
season starts from November to June. The long-term time series for other cities are 
provided in Appendix G.2. Table 7.3 summarizes the correlation coefficients between CO 
emissions and retrieved CO columns for all the considered cities. Most of the cities 
provide moderate agreements between CO emissions and satellite observations except for 
the cities located near Equator zone, and in China and Japan. As mentioned earlier that the 
discrepancy between satellite observations and surface emissions can be influenced by 
meteorological effects, especially for the the cities that are located near coastal lines or 
Equator zone due to their strong weather variance (e.g., strong wind, heavy rain). 
Moreover, Emmons et al. (2009) and Worden et al. (2010) demonstrate that the possible 
satellite retrieval bias of MOPITT satellite can occur in polluted condition. Aerosol 
contamination could be the reason for this bias in Beijing, Shanghai, and Tokyo during the 














Figure 7.8 Long-term monthly analysis of satellite CO columns versus MACCity total CO 
emissions over Shanghai (a), Naypyidaw (b) and Jakarta (c) 
 
 
Figure 7.9 Seasonal cycle of satellite CO columns versus MACCity total CO emissions 
over Shanghai (a), Naypyidaw (b) and Jakarta (c) 
 
 
Figure 7.10 Seasonal cycle of MACCity CO emissions from biomass burning versus 
anthropogenic activities over Shanghai (a), Naypyidaw (b) and Jakarta (c)  
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Chapter 8 Comparison of Model Outputs and 
Satellite Observations 
 
8.1 Model and input data description 
 
The objective of this chapter is to comparably analyze the consistency between observed 
satellite data and simulated model results. Simulations for air quality in this study were 
conducted by using GEOS-Chem and CMAQ models.  
 
1) GEOS-Chem model 
 
GEOS–Chem is a global 3-D chemical transport model (CTM) for atmospheric 
composition driven by meteorological input from the Goddard Earth Observing System 
(GEOS) of the NASA Global Modeling and Assimilation Office. It has been extensively 
evaluated and applied by many research groups around the world to study a wide range of 
atmospheric composition problems. More information of the GEOS-Chem model is 
available through GEOS-Chem website (http://acmg.seas.harvard.edu/geos/). 
 
In this study, the GEOS-Chem model was simulated covering the globe with a spatial 
resolution of 2° × 2.5° grid size. The meteorological fields were derived from GEOS-5. 
The emissions were taken from EMAP, BRAVO, EDGAR, STREETS, CAC, NEI2005, 
RETRO, MEGAN and GFED3 emission inventories. The output from the model was 
extracted for tropospheric NO2 columns from surface up to tropopause layer during the 
time period from 01 January 2005 to 31 December 2005, at the time window 10:00LT – 
12:00LT and 12:00LT – 14:00LT corresponding to the satellite overpass time of 
SCIAMACHY (10:00LT) and OMI (13:45LT), respectively. The averaged 2-hour 
tropospheric NO2 columns simulated from GEOS-Chem were compared with those from 
satellite retrievals in term of monthly averages over the capital cities of interested 
countries. The comparisons were performed by averaging all satellite pixels falling within 
2° × 2.5° grid boxes centering at considered cities in order to fit with model grid-cells.  
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2) CMAQ model 
 
The Community Multi-scale Air Quality (CMAQ) modeling system is a third-generation 
air quality model published by US EPA in 1998 (Byun and Ching 1999). The Model-
3/CMAQ model is developed for applications ranging from regulatory and policy analysis 
to understanding the complex interactions of atmospheric chemistry and physics. It has 
been designed as community-based “one-atmosphere approach” modeling system which 
includes state-of-the-science capabilities for modeling multiple air quality issues taking all 
air pollutions and their interaction into account. More information of the CMAQ model is 
provided in Community Modeling and Analysis System (CMAS) website 
(http://cmascenter.org/cmaq/). 
 
In this study, the CMAQ model version 4.7 was simulated covering Asian region with a 
spatial resolution of 80 × 80 km2. The meteorological fields were derived from WRF 
model version 3.4. The meteorological input data for the WRF model were derived from 
the National Centers for Environmental Prediction Climate Forecast System Reanalysis 
(Saha et al. 2010). The emission data applied in the CMAQ model were Kyoto University 
emission inventory for the year 2005. The emissions were generated by collecting the data 
from Zhang et al. (2009) for anthropogenic emissions and from GEIA (Global Emissions 
InitiAtive) for biomass burning, natural and biogenic emissions. The datasets were then 
calibrated the sectoral activities for each country based on Fujimori and Matsuoka (2011). 
The emissions were processed using the Sparse Matrix Operator Kernel Emissions 
(SMOKE) modeling system version 2.1 and then fed to the CMAQ model for the 
simulations. The output from the model was extracted for tropospheric NO2 columns and 
total CO columns for the entire year 2005 with the monthly averaged values. For 
tropospheric NO2 columns, the column extraction was performed in the same method as 
GEOS-Chem model at 10:00LT and 13:00LT following the satellite overpass time of 
SCIAMACHY (10:00LT) and OMI (13:45LT), respectively. For total CO columns, the 
extraction time was at 10:00LT following the satellite overpass time of MOPITT 
(10:30LT). For the comparison, monthly simulated tropospheric NO2 columns and total 
CO columns were compared with those from satellite retrievals in term of spatial 
distribution for the whole Asian region with the coordinate of 20°S-60°N, 50°E-170°E 
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(latitude, longitude). Moreover, the comparison was also separated into two regions by 




Figure 8.1 Modeling domain and location of two regions 
 
8.2 Comparison of satellite observations and GEOS-Chem results 
 
In this section, the consistency of the seasonal variability of tropospheric NO2 columns 
measured by satellite instruments and simulated by GEOS-Chem was investigated over 
the 14 selected cities for year 2005. Tropospheric NO2 columns from SCIAMACHY and 
OMI satellites were used to compare with the results from the model. SCIAMACHY and 
OMI have a local equator crossing time around 10:00LT and 13:45LT, respectively, 
correspondingly the model output for each city is extracted at 10:00LT – 12:00LT and 
12:00LT – 14:00LT, respectively for the comparison.  Figure 8.2a-c show examples of the 
comparison of the seasonal variation between the observed tropospheric NO2 columns by 
SCIAMACHY and OMI versus the estimated results by GEOS-Chem over Shanghai, 
Bangkok and Bandar Seri Begawan, respectively in order to verify the accuracy of the 
emissions used in the model simulations.  For the other cities, the comparisons are 
provided in Appendix I.1. The results of comparative analysis for all the cities are 
presented in Table 8.1 for the comparison with SCIAMACHY and in Table 8.2 with OMI. 
Most of the results from OMI provide better correlations than from SCIAMACHY. This is 
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due to the finer horizontal resolution of OMI instrument. In addition, the results of model 
simulations and satellite observations presented in Figure 8.2, Table 8.1, and 8.2 show that 
in year 2005 China has the highest level of the mean values of tropospheric NO2 
abundances with the column concentrations over Beijing of 7.23 and 27.19 
molecules/cm2, and over Shanghai of 2.56 and 12.60 molecules/cm2 for GEOS-Chem 
outputs and SCIAMACHY observations, respectively.  
 
In term of seasonal analysis, the results in Figure 8.2 show that for most of the cities 
located in mid-latitude zones, simulated tropospheric NO2 columns illustrate the 
maximum values during the winter months (November–January) and minimum values 
during summer months (June–August) which is consistent with the satellite observations 
as can be seen in Figure 8.2a for Shanghai with the correlation coefficients (r) of 0.88 and 
0.91 for SCIAMACHY and OMI cases, respectively. For the cities in upper part of low-
latitude zone, most of the cities present the maximum levels of observed and simulated 
NO2 columns during dry season between winter to summer months of December to April 
and the minimum during rainy season of June–August as presented in Figure 8.2b for 
Bangkok case. For the cities that located near Equator zone, simulated and observed 
tropospheric NO2 columns demonstrate the different seasonal pattern compared with the 
citied in the upper latitude zones. As shown in Figure 8.2c for Bandar Seri Begawan case, 
the maximum values for both simulated and observed tropospheric NO2 columns are 
presented during dry season (February–April, July–September) with the driest month in 
August, while the minimum values are presented during rainy season (October–January, 
May–June) with the highest amount of precipitation in November–December. However, 
for SCIAMACHY observations, the seasonal variation is not as clear as OMI.  
 
The results of tropospheric NO2 columns from the model provide moderate to good 
agreements (r ≥ 0.5) with those retrieved from the satellites in case of Beijing, Shanghai 
(Figure 8.2a), Tokyo, Hanoi and Bangkok (Figure 8.2b), especially for the comparison 
with OMI satellite with the correlation coefficients (r) of 0.91, 0.91, 0.56, 0.89, and 0.84, 
respectively. However, the results from the model seem to under-estimate tropospheric 
NO2 columns from both SCIAMACHY and OMI satellites as shown in Table 8.1 and 8.2 
for the ratio of satellite NO2 columns to GEOS-Chem NO2 columns. Overall, the model 
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underestimated the retrieved tropospheric NO2 columns by the factor around 3–4. Similar 
results were also found in He et al. (2007) and Uno et al. (2007). They showed that the 
modeled NO2 columns underestimate the satellite retrievals of GOME and SCIAMACHY 
by the factor more than 2 over CEC and around 1-3 over Japan. The bias could be due to 
the uncertainties in satellite retrievals, the mismatch between the satellite and model 
horizontal resolution and extracting time, the inaccuracy of the emission inventories 
applied in the GEOS-Chem model that underestimate NOx emissions during the study 
period, and also the coarse horizontal resolution of the GEOS-Chem model that smooth 
out the characteristic of pollution hotspots in urban areas. Furthermore, the results in Table 
8.1 and 8.2 show that all the cities located near Equator belt reveal weak correlation 
coefficients (r ≤ 0.5). This could be caused by the relatively large uncertainties in satellite 
retrievals for the cities that are located near coastal areas or tropical zone, since the 
interpretation of data in coastal locations is difficult due to complex natural variability 
(e.g., stronger wind and cloud effects). Therefore, more effort is needed to better quantify 




























Figure 8.2 Seasonal variation of tropospheric NO2 columns simulated from model and 
retrieved from satellites over Shanghai (a), Bangkok (b), and Bandar Seri Begawan (c) 
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8.3 Comparison of satellite observations and CMAQ results 
 
In this section, the CMAQ model simulations were performed for calculating tropospheric 
NO2 vertical columns and total CO vertical columns over Asia for year 2005 to investigate 
the consistency with the satellite observations. 
 
1) Tropospheric NO2 columns 
 
In order to obtain the vertical column densities, the simulated concentrations of NO2 were 
integrated from the surface layer to the tropopause layer. The data of NO2 columns from 
SCIAMACHY and OMI satellites were adopted to compare with the model results. Since 
SCIAMACHY and OMI satellites have the local equator crossing time around 10:00LT 
and 13:45LT, the model outputs at 10:00LT and 13:00LT was extracted for comparably 
analysis with the satellite data of SCIAMACHY and OMI NO2 columns, respectively. 
Figure 8.3a, b and 8.4a, b present the spatial distribution of 3-month averaged NO2 
columns over Asia in 2005 for SCIAMACHY, CMAQ results at 10:00LT, OMI, and 
CMAQ results at 13:00LT, respectively. December-January-February (DJF), March-April-
May (MAM), June-July-August (JJA) and September-October-November (SON) were 
grouped to be the representatives of winter, spring, summer and autumn, respectively. The 
results of NO2 columns in Figure 8.3a, b and 8.4a, b show that the CMAQ simulations 
generally agree well with SCIAMACHY and OMI observations in term of spatial 
distributions and seasonal variations.  Both observed and simulated results show that CEC 
has the highest level of NO2 columns. The maximum magnitude of NO2 columns from 
both satellites and CMAQ are revealed in winter (DJF) and the minimum in summer (JJA) 
as can be obviously seen in East Asian region, especially in CEC. The results in this 
section confirm that China is the main contributor of NO2 over this area.  Furthermore, a 
grid-to-grid comparison was conducted between two datasets of NO2 columns from 
satellite measurements and those from simulations for each month and each region; 
region1 and region2 (Figure 8.1). The summarized results of correlation coefficient 
between satellite and simulated data are shown in Table 8.3. Region1 represents the area 
including CEC, Korea and Japan. Region2 represents part of SEA region. Table 8.3 shows 
that correlation coefficient over Asia for the comparison between SCIAMACHY and 
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simulated data is approximately 0.73 with the correlation coefficients of 0.79 and 0.63 
over region1 and 2, respectively. For the comparison between OMI and simulated data, 
correlation coefficients over Asia, region1 and 2 are approximately 0.83, 0.86 and 0.56, 
respectively. Most of the results from OMI observations provide better correlations than 
from SCIAMACHY owing to the finer resolution of the OMI instrument. Moreover, the 
results in Figure 8.3a, b and 8.4a, b also illustrate that both observed and simulated NO2 
columns in the afternoon is smaller than in the morning. This supports the idea that during 
rush hour in the morning, tropospheric NO2 is significantly produced by the transportation 
especially in the urban area, and then subsequently causes high level of SCIAMACHY 
measurement during this period. On the other hand, in the afternoon the photolysis rate is 
higher than in the morning causing the loss of NO2 and resulting in the low measurements 




Figure 8.3 Spatial distributions of NO2 columns retrieved from SCIAMACHY (a), 









Figure 8.4 Spatial distributions of NO2 columns retrieved from OMI (a), simulated from 
CMAQ (b), and ratio of NO2 columns (OMI/CMAQ) (c)  
 
As presented in Table 8.3, it is interesting to note that the results in region1 give better 
agreement than region2. Figure 8.3c and 8.4c, present the ratio of SCIAMACHY NO2 
columns to CMAQ NO2 columns and the ratio of OMI NO2 columns to CMAQ NO2 
columns, respectively. The overall results show that modeled NO2 columns seem to 
underestimate observed columns by the factor around 1.98 and 4.83 over Asia for 
SCIAMACHY and OMI measurements, respectively. Table 8.3 also presents the ratio of 
satellite observations to model simulations for each month and each region. In case of 
SCIAMACHY, the model underestimates observed NO2 columns by the factor of 1.76 and 
2.39 over region1 and 2, respectively. For OMI, the results of model underestimate 
observed NO2 columns by the factor of 2.09 over region1 and 5.57 over region2. These 
results are similar with the results of the comparison between satellite and GEOS-Chem 
data in the previous section. The higher ratio of region2 compared to region1 caused by 
the inaccuracy of the surface emission estimation is possibly the reason of lower 
correlations of region2 than of region1. Secondly, as mentioned in the previous section of 
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uncertainties in satellite retrievals can be found in coastal regions and tropical areas due to 
the complex meteorological variability. Irie et al. (2013) demonstrated that an 
improvement of CMAQ horizontal resolutions (from 80 to 10 km) can increase the level 
of simulated NO2 columns as large as that caused by increasing emissions by 20%. Since 
the horizontal resolution in this study was set at 80 × 80 km2, this could be also the cause 
of the underestimation. Itahashi et al. (2013) showed that the CMAQ modeling results 
using the updated REAS inventory (version 2.1) remarkably captured the absolute values 
of OMI NO2 columns over East Asia throughout the year 2000-2008. This suggests that 
more efforts are needed to improve the emission inventory used in this study. Another 
noteworthy result in Table 8.3 is that during summer the ratios over Asia are higher than 
other months (June: 2.85 for SCIAMACHY and 8.38 for OMI, July: 2.64 for 
SCIAMACHY and 6.66 for OMI). van der A et al. (2006) reports that in the western part 
of China which is a remote area with a low population density, the seasonal cycle of 
tropospheric NO2 shows the maximum in summer, and this cycle is attributed to natural 
emissions, especially soil emissions and lightning. In the work by Christian et al. (2003), it 
is also presented that lightning above China has the flash rate in summer about 5-6 times 
higher than in winter. Since lightning emissions are not included in this study, this is 
possibly the reason of higher ratios in summer over Asia domain. Another possible reason 
is that there is an underestimation of soil NOx emissions as suggested in Yienger and Levy 
(1995) that in remote and agricultural regions, the percent contribution of soil emissions to 
the total NOx budget can be increased during summer. Overall, the probable reasons for 
the discrepancy between observed and simulated datasets in this study are the 
underestimation of NOx emissions, the horizontal resolution set in the model, the 
differences in model and satellite horizontal resolutions and extracting times, and also the 
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2) Total CO columns 
 
In case of total column CO, Figure 8.5a, b present the spatial distributions of MOPITT 
retrieved and CMAQ simulated 3-month mean total CO columns during winter (DJF), 
spring (MAM), summer (JJA), and autumn (SON) of the year 2005, respectively. Figure 
8.5 a, b shows that the results from the model failed to catch the hotspots of CO columns 
compared to the satellite observed one, especially in CEC and in the upper part of SEA. 
However, the seasonal variability of simulated total CO columns is able to follow the 
trend of MOPITT CO retrievals which has the maximum levels during winter (DFJ) and 
spring (MAM) and minimum during summer (JJA) for both East and Southeast Asian 
countries. The difference between simulated and satellite retrieved data is shown in Figure 
8.5c using ratio of total CO columns observed from MOPITT to those calculated from 
model. Overall, the modeled results underestimate MOPITT values for all the Asian 
regions, particularly over hotspot areas, except over the western part of China. Table 8.4 
summarizes the correlation coefficients (r) and also the ratios of total CO columns 
compared between satellite retrievals and model results for each month and each region 
(region1 and region2). The correlation between observed and simulated CO columns is 
relatively low with the correlation coefficient around 0.33 over Asia, 0.42 over region1, 
and 0.28 over region2.  It is noteworthy that in Table 8.4 the correlation coefficients are 
higher during May-August (r = 0.61-0.79) for region1, and during January-May (r = 0.54-
0.74) and October-December (r = 0.41-0.75) for region2 compared to other months. The 
periods that have better correlation are match with the periods of high biomass burning 
activities over these areas. This means that the main influence for the underestimation of 
the levels of total CO columns is from the miscalculation of anthropogenic emission both 
in term of absolute quantity and spatial distribution.   Moreover, from Table 8.4 it shows 
that the ratios of satellite data to modeled results also have the higher values during the 
biomass burning season both under region1 (May-August) and 2 (January-May, October-
December). This implies that it is not only the anthropogenic but also the biomass burning 
emission that is underestimated over these areas. However, in region1 the ratios during 
biomass burning period are not much higher than other periods compared to region2. This 
is because the dominant emission in region1 is from anthropogenic activities. The study of 
Kumar et al. (2012) demonstrates that the simulated total CO columns generally agree 
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well with MOPITT retrievals in term of seasonal variability over Burma during 2008. 
However, mean negative bias is highest during spring (MAM) which matches with high 
fire activity season in this area. In addition, the lowest correlation coefficient reveal during 
summer (JJA). Their results are similar with this study as can be seen in Table 8.4. 
Nevertheless, their overall correlation coefficients are better than this study. This probably 
due to the higher horizontal resolution of their study (45 × 45 km2) compared to this study 
(80 × 80 km2). They also suggest that including of plumerise parameterization in 




Figure 8.5 Spatial distributions of CO columns retrieved from MOPITT (a), simulated 
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Table 8.4 Summary of correlation coefficients (r) of CO columns from MOPITT satellite 




rMOPITT-CMAQ Ratio (MOPITT/CMAQ) 
Asia Region 1 Region 2 Asia Region 1 Region 2 
Jan 0.20 0.10 0.60 1.23 1.56 1.74 
Feb 0.13 0.19 0.64 1.18 1.41 1.68 
Mar 0.37 0.37 0.67 1.27 1.62 1.72 
Apr 0.48 0.48 0.74 1.23 1.71 1.41 
May 0.55 0.79 0.54 1.23 1.74 1.18 
Jun 0.38 0.62 -0.45 1.20 1.76 1.08 
Jul 0.39 0.61 -0.51 1.19 1.65 1.14 
Aug 0.45 0.77 -0.27 1.24 1.66 1.30 
Sep 0.24 0.32 -0.08 1.27 1.75 1.38 
Oct 0.27 0.30 0.41 1.24 1.62 1.49 
Nov 0.25 0.39 0.59 1.22 1.61 1.46 
Dec 0.23 0.11 0.75 1.20 1.61 1.52 
Mean 0.33 0.42 0.28 1.22 1.63 1.42 
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Chapter 9 Conclusions and Recommendation 
 
9.1 Concluding remarks 
 
There are two main objectives of this study which are (1) to investigate the capability of 
the satellite instruments to observe spatial and temporal variability of atmospheric 
pollutants (NO2, CO and aerosols) over Southeast Asian region and some parts of China 
and Japan during the period of 1996-2012 and (2) to develop methodology using 
atmospheric pollution information retrieved from satellite observations and those 
simulated from models in order to validate and improve emission inventories. This chapter 
concludes the overall results discussed in the previous chapters that fulfill these two 
objectives. The analysis presented in Chapter 3-6 was set up in order to complete the first 
objective. For the second objective, the analysis was performed and presented in Chapter 
7-8.   
 
Chapter 3, the main purpose of this chapter is to investigate the consistency between the 
satellite products. This research adopted several satellite products in order to obtain long-
term data of air pollution during 1996-2012. Tropospheric NO2 columns were retrieved 
from GOME, SCIAMACHY, OMI, and GOME-2 satellites, CO columns were retrieved 
from MOPITT and SCIAMACHY satellites, and AODs were retrieved from MODIS-
Terra and MODIS Aqua satellites. The satellite inter-comparisons of tropospheric NO2 
columns show good agreements, especially in term of seasonal variation with the 
correlation coefficients larger than 0.85. However, SCIAMACHY data present higher 
absolute values compared to others mainly due to the differences in satellite overpass 
times and horizontal resolutions. For CO columns, the correlation coefficient between 
MOPITT and SCIAMACHY is around 0.58. The discrepancy is mainly caused by the 
differences of wavelength bands used to measure the pollutants and horizontal resolutions. 
For MODIS-Terra and MODIS-Aqua AODs, the correlation coefficient is approximately 
0.92. The reasons for the disagreement between each satellite product are also from the 
differences in retrieval algorithms and the effects of instrument noise errors. Therefore, in 
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order to study long-term trend of the pollutants, it is necessary for the user to understand 
the strengths and limitations of a particular product. 
 
Chapter 4, the main purpose of this chapter is to study the characteristics of spatial 
distribution, long-term trend, and seasonal variability of satellite observations. The results 
show that China, especially in CEC, has the highest level of NO2 columns, CO columns, 
and AODs compared with other cities in East Asia and SEA. Moreover, CEC also shows 
the significant increasing trend of NO2 columns with 174.5% and 117.3% over 16 years 
(ref. year 1996) over Shanghai and Beijing, respectively. For the seasonal analysis, 
satellites are able to observe the high episode of the pollutants and also the long-range 
transport of the pollutant plumes. In case of NO2 columns, the maximum levels are 
revealed in wintertime for the cities located in mid-latitude and upper part of low-latitude 
zones. For the cities located near Equator zone, the maximum abundances show in dry 
season and during biomass burning period. Similarly to NO2 columns, CO columns in 
mid-latitude zone start being high in wintertime, but stay last until springtime during 
biomass burning season. For the cities in low-latitude zone, high CO columns can be 
observed during biomass burning period. For AODs, all the cities reveal the maximum 
peaks during biomass burning season and also during Asian dust-storm period in 
springtime for the cities in mid-latitude zone. 
 
Chapter 5, the main purpose of this chapter is to investigate the consistency between the 
ground-based and satellite-based measurements. The results show that there are some 
discrepancies between satellite and ground data since ground data are collected from point 
source, but satellite data are spatial average of integrated columnar loads from the ground 
to the top of the atmosphere.  However, satellite observations are able to capture the 
seasonal trend of NO2 concentrations, especially by OMI satellite which provides the 
highest correlation with ground data (0.61 ≤ r ≤ 0.89) when compared to other satellites 
due to its finest resolution. In Bangkok and Rayong where anthropogenic emissions are 
dominant, both satellite and surface data of NO2 give the maximum levels during winter, 
while in Chiangmai the maximum presents during biomass burning period. The seasonal 
variations of ground CO and PM10 concentrations are similar to NO2 concentrations. 
Nevertheless, the peak levels of CO columns and AODs in Bangkok and Rayong show 
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during biomass burning period. The reason is due to the influence of the elevated 
pollutants from biomass burning activities around the suburban site that transport into the 
pollutant columns over the considered ground monitoring stations. In case of Chiangmai, 
both satellite and ground data of CO and aerosol present the maximum during biomass 
burning period. Therefore, in order to incorporate the use of satellite data with ground 
data, it is necessary to properly validate the satellite information.  
 
Chapter 6, the main purpose of this chapter is to improve the relationship between 
satellite AODs and surface PM10 concentrations by considering the effects of 
meteorological parameter on their correlations. The analysis focused on three provinces of 
Thailand including Bangkok, Rayong, and Chiangmai. The regression was performed 
without and with cloud screening procedure. The latter gave stronger correlation 
coefficients for lower cloud fractions (CF ≤ 1/10, r = 0.40-0.85). The multiple linear 
regression models were then developed using 5-year (2008-2012) data of AODs at CF ≤ 
1/10 with the incorporation of surface meteorological parameters including RH, WS, and 
T. The results show that the correlation coefficients of AODs-PM10 relationship increased 
when incorporated meteorological parameters into the models, especially in case of 
Bangkok and Rayong. Such models were applied to estimate surface PM10 mass 
concentrations and evaluated with those measured from ground monitors for year 2007 
and 2013. The estimated results in Chiangmai are reasonably correlated with the actual 
ones in term of both quantitative levels and diurnal variations. However, in Bangkok and 
Rayong the correlations are weaker. The developed models for Chiangmai city were then 
used to estimate surface PM10 mass concentrations for other seven cities in northern 
Thailand. Most of the results show that the models can well capture the surface PM10 mass 
concentrations, especially during biomass burning period. The models with the inclusion 
of meteorological parameters slightly improve the estimation of PM10 mass for all cities. 
This analysis implies that satellite AODs are possible to be used as a surrogate for surface 
PM10 mass concentrations, particularly during high episode of PM10 mass concentration. 
 
Chapter 7, the main purpose of this chapter is to investigate the consistency between 
source emissions and satellite observations. Time series of NOx and CO emissions from 
REAS and MACCity emission inventories were applied and plotted together with satellite 
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NO2 and CO columns. The long-term monthly comparison shows that in general satellite 
observations can catch the seasonal cycle and the high episode of the pollutants both from 
anthropogenic and biomass burning emissions. Better relationships mostly reveal in the 
cities that located in mainland while the cities that located near coastal line or Equator 
zone present weaker correlations. It should be noted that the vertical columns of satellite 
observations do not directly represent surface emissions. Therefore, the reasons for the 
discrepancy can be from the effect of meteorological conditions (e.g., precipitation, wind) 
or the uncertainties in satellite retrievals. In addition, the inaccuracy of the surface 
emission estimation, especially from biomass burning activities can also be another factor 
for the discrepancy.  
 
Chapter 8, the main purpose of this chapter is to investigate the consistency between the 
results from model simulations and satellite observations in order to validate the emissions 
applied in the models. NO2 and CO columns retrieved from satellite were compared with 
those from GEOS-Chem and CMAQ model simulations over Asia for year 2005. The 
seasonal variations of simulated GEOS-Chem NO2 columns are reasonably correlated with 
satellite NO2 columns mostly for the cities that are located in mid- and upper part of low-
latitude zones. However, weak correlations are found over the cities near Equator zone 
due to relative large uncertainties in satellite retrievals caused by complex meteorological 
variability. Moreover, the model underestimated satellite data by the factor of 3–4. For 
CMAQ, the simulated vertical columns of NO2 generally agree with observed ones in term 
of spatial distribution and seasonal variability with the correlation coefficient around 0.73 
and 0.83 for SCIAMACHY and OMI over Asia, respectively. However, the model 
underestimated the retrieved satellite data by the factor of 1.98 and 4.83 for 
SCIAMACHY and OMI, respectively. The reasons for the discrepancy could be due to the 
underestimation of NOx emissions, the model performance, and also the uncertainty in 
satellite retrievals. In term of CO columns, the modeling results failed to catch the 
hotspots of satellite CO columns and presented low correlations between them, suggesting 
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9.2 Recommendation for applications of research results 
 
The results in this study suggest that satellite observations are beneficial to AQM in term 
of air quality monitoring, emission inventories, and air pollution modeling, which are parts 
of the main technical components of AQM. While ground monitoring data provide the 
most accurate measurements of air quality at specific location where ground monitors are 
available, the strength of satellite data over ground monitoring network is spatial coverage. 
The results in this study highlight that satellite data are able to provide complementary to 
ground measurement by gaining the missing ground monitoring data. These indicate that 
satellite retrievals are able to provide valuable inputs to AQM in order to determine 
population exposure, health impact assessment, and compliance with national and 
international standards, which is essential for policy making and management. Moreover, 
satellite data are possible to be used as a tool to study long-term trend and seasonal 
variation of the atmospheric pollutants (NO2, CO, and aerosol). However, there are still 
the limitations of the satellite information due to the uncertainties in satellite retrievals, the 
lack of vertical structure of pollutants in the atmosphere (which cannot directly provide 
ground-level information) and the gaps in spatial coverage caused by the cloud. For these 
reasons, it is necessary that the user should understand the strengths and limitations of a 
particular satellite product and perform proper validation of the satellite products before 
apply for air quality study. In addition satellite observations can provide qualitative 
information on the high pollution episodes in regional scale including a large scale plumes 
to study the regional transport phenomena. Furthermore, by incorporating satellite 
information with air quality models, satellite observations provide valuable datasets to 
assess the accuracy of current emission inventories especially in the limited in situ 
availability, and can be perhaps used to enhance such emission estimates by using inverse 
modeling technique.  
 
9.3 Recommendation for future work 
 
In spite of every effort to pursue the objectives of this study, there are some limitations of 
the research. This study focused mostly on the capital cities and the cities in urban areas, 
further analysis should extend to broader areas including suburban and rural locations. The 
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comparative analysis between ground-based and satellite-based datasets was performed 
intensively over Thailand. More analysis in other countries would help validate the 
capability of the satellite to be used as a surrogate for surface air pollutant monitoring.  
 
For the development of regression models to estimate PM mass concentrations, since 
human activities and local meteorological conditions vary seasonally and likely to play an 
important role in AOD-PM correlations, further multivariate analysis in different season 
for the effects of other meteorological parameters such as wind direction, atmospheric 
pressure, boundary layer height, and haze layer height would help determining the 
strengths of such correlations. In addition, ground-level PM monitoring are restricted to 
the surface layer, applied aerosol vertical profile to split the total AOD columns could 
increase AOD-PM correlations. Since geographical conditions vary regionally, the 
difference in the surface reflectance in different regions and seasons can effect on the 
accuracy of AOD retrievals. Thus, further study on the geographical factors by comparing 
many stations at different locations in Asia would provide a better understanding of the 
AOD-PM relationships. AOD retrievals also depend on PM compositions and particle size 
due to their effect on light scattering/absorption. Further investigations on PM 
compositions and particle size would also help in a better understanding of the correlation 
between satellite AODs and surface PM concentrations. Since the chemical reactions in 
the atmosphere related to temperature are non-linear, the next study should consider more 
on the non-linear regression models.  
 
For model simulations, increasing model horizontal resolution would increase the 
accuracy of the simulated results which in turn improve the correlation with the satellite 
observations that is used to validate the emission inventories. Moreover, applying different 
emission inventories in the model and comparing with ground-based and satellite-based 
measurements would also help evaluating the current emission inventories. Finally, this 
study has considered only three atmospheric species (NO2, CO, and aerosol) due to the 
intensive validation from the previous studies. However, there are also other species that 
have been already provided by satellite observations such as SO2, O3, VOCs, etc., hence 
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Appendix A: Retrievals of satellite remote sensing  
 
Remote sensing for Earth observation refers to the technique that uses electromagnetic 
radiation to acquire information without being in direct contact with the object or 
phenomenon under investigation, which in this case is the atmosphere. Earth-observing 
satellites include several components. The satellite platform is the infrastructure of the 
satellite sensor, which typically includes solar panels for power and hardware for 
instruments. Each platform generally consists of one to four sensors (Kim Oanh 2012). 
Detection of atmospheric pollutants bases on the principle that each pollutant absorbs 
or/and reflects specific wavelengths throughout the electromagnetic spectrum. This 
spectral signature is unique to that pollutants (Duncan et al. 2014).  Satellite instruments 
can employ either passive or active technique. In general, the Sun is the source of 
radiation that is absorbed and reemitted, reflected, and backscattered by the atmosphere 
and Earth’s surface and then detected by passive sensors. In contrast, active sensors 
transmit internal energy downward and measure the radiation that is returned. The infrared 
(IR), visibal, and ultraviolet (UV) regions of the eletramegnetic spectrum contain the most 
useful wavelengths for observaing pollutants relevant for air quality study. The 
atmospheric constituents cause specific spectral wavelength dependent absorption and 
scattering of radiation, known as attenuation or extinction. Trace gas and aerosol remote 
sensing take advantage of attenuation in the intensity of radiation traversing the 
atmosphere combining with variety of algorithms to retrieve a value that represents the 
constituents being measured. There are two defining features of satellite data which are 
spatial resolution and temporal resolution. Spatial resolution refers to the smallest area of 
Earth’s surface that can be observed by a satellite sensor. Temporal resolution refers to the 
period that a satellite sensor requires to observe the same location of Earth’s surface which 
depends on the orbit of the satellite. Many satellite instruments for Earth observation have 
been lunched since the mid-1990s. Table A.1 provides information on satellite remote 








Table A.1 Characteristics of satellite remote sensing of air quality used in this study 
Sensor GOME SCIAMACHY OMI GOME-2 MOPITT MODIS 
Platform ERS-2 ENVISAT Aura MetOp Terra Terra/Aqua 
Spectral range (µm) 0.23-0.79 0.23-2.38 0.27-0.50 0.24-0.79 2.20, 2.30, 4.70 36a λ/0.41-14.2 
Ground pixel res. (km) 320 × 40 60 × 30 24 × 13 80 × 40 22 × 22 10 × 10 
Global coverage (day) 3 6 1 1 3.5 2 
Overpass local time 10:30 10:00 13:45 09:30 10:30 10:30/13:30 
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Appendix B: Time series of satellite observations over the cities in Asia 
 
Appendix B.1: Time series of tropospheric NO2 columns retrieved from GOME, 







Appendix B.2: Time series of total CO columns retrieved from MOPITT and 




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Appendix D: Scatter plots of estimated vs. measured surface PM10 mass 
for year 2013 
 
Appendix D.1: Scatter plots over Chiangmai during dry season (January-April) for 9-















Appendix D.2: Scatter plots over Bangkok during dry season (January-April) for 9-



















Appendix D.3: Scatter plots over Rayong during dry season (January-April) for 9-




















Appendix D.4: Scatter plots over northern Thailand during dry season (January-March) for 



























Appendix E Daily plots of estimated vs. measured surface PM10 mass 












Appendix F: Long-term annual analysis of satellite observations versus 
surface emissions  
 















Appendix G: Long-term monthly analysis of satellite observations versus 
surface emissions  
 















































Appendix H: The comparison of the precipitation and LNOx (hour) 
 





































Appendix I: The comparative analysis of NO2 columns simulated from 
GEOS-Chem and retrieved from satellites 
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